A KNOWLEDGE-BASED METHOD FOR TEMPORAL ABSTRACTION OFCLINICAL DATAA DISSERTATIONSUBMITTED TO THE PROGRAM IN MEDICAL INFORMATION SCIENCESAND THE COMMITTEE ON GRADUATE STUDIESOF STANFORD UNIVERSITYIN PARTIAL FULFILLMENT OF THE REQUIREMENTSFOR THE DEGREE OFDOCTOR OF PHILOSOPHYByYuval ShaharOctober 1994 ii' Copyright by Yuval Shahar 1994All Rights Reserved iiiI certify that I have read this dissertation and that in my opinion it is fullyadequate, in scope and quality, as a dissertation for the degree of Doctor ofPhilosophy.___________________________________Mark A. Musen (Principal Adviser)(Departments of Medicine and Computer Science)I certify that I have read this dissertation and that in my opinion it is fullyadequate, in scope and quality, as a dissertation for the degree of Doctor ofPhilosophy.___________________________________Richard E. Fikes(Department of Computer Science)I certify that I have read this dissertation and that in my opinion it is fullyadequate, in scope and quality, as a dissertation for the degree of Doctor ofPhilosophy.___________________________________Barbara Hayes-Roth(Department of Computer Science)Approved for the University Committee on Graduate Studies:___________________________________ ivAbstractThis dissertation describes a reasoning framework for knowledge-based systems,that is specific to the task of abstracting higher-level concepts from time-stampeddata, but that is independent of any particular domain. I specify the theoryunderlying the framework by a logical model of time, parameters, events, andcontexts: a knowledge-based temporal-abstraction theory. The domain-specificknowledge requirements and the semantics of the inference structure that Ipropose are well defined and can be instantiated for particular domains. I haveapplied my framework to the domain of clinical medicine.My goal is to create, from primary time-stamped patient data, interval-basedtemporal abstractions, such as "severe anemia for 3 weeks in the context ofadministering the drug AZT," and more complex patterns, involving several suchintervals. These intervals can be used for planning interventions for diagnosticor therapeutic reasons, for monitoring plans during execution, and for creatinghigh-level summaries of electronic medical records. Temporal abstractions arealso helpful for explanation purposes. Finally, temporal abstractions can be auseful representation for comparing a therapy planner�s recommendation withthat of the human user, when the goals in both plans can be described in terms ofcreation, maintenance, or avoidance of certain temporal patterns.I define a knowledge-based temporal-abstraction method that decomposes thetask of abstracting higher-level, interval-based abstractions from input data intofive subtasks. These subtasks are then solved by five separate, domain-independent, temporal-abstraction mechanisms. The temporal-abstractionmechanisms depend on four domain-specific knowledge types. The semanticsof the four knowledge types and the role they play in each mechanism aredefined formally. The knowledge needed to instantiate the temporal-abstractionmechanisms in any particular domain can be parameterized and can be acquiredfrom domain experts manually or with automated tools.

vI present a computer program implementing the knowledge-based temporal-abstraction method: R�SUM�. The architecture of the R�SUM� systemdemonstrates several computational and organizational claims with respect tothe desired use and representation of temporal-reasoning knowledge. TheR�SUM� system accepts input and returns output at all levels of abstraction;generates context-sensitive and controlled output; accepts and uses data out oftemporal order, modifying a view of the past or of the present, as necessary;maintains several possible concurrent interpretations of the data; representsuncertainty in time and value; and facilitates its application to additionaldomains by editing only the domain-specific temporal-abstraction knowledge.The temporal-abstraction knowledge is organized in the R�SUM� system asthree ontologies (domain-specific theories of relations and properties) ofparameters, events, and interpretation contexts, respectively, in each domain.I have evaluated the R�SUM� system in the domains of protocol-based care,monitoring of children�s growth, and therapy of insulin-dependent diabeticpatients. I have demonstrated that the knowledge required for instantiating thetemporal-abstraction mechanisms can be acquired in a reasonable amount oftime from domain experts, can be easily maintained, and can be used for creatingapplication systems that solve the temporal-abstraction task in these domains.Understanding the knowledge required for abstracting clinical data over time is auseful undertaking. A clear specification of that knowledge, and itsrepresentation in an ontology specific to the task of abstracting concepts overtime, as was done in the architecture of the R�SUM� system, supports designingnew medical and other knowledge-based systems that perform temporal-reasoning tasks. The formal specification of the temporal-abstraction knowledgealso supports acquisition of that knowledge from domain experts, maintenanceof that knowledge once acquired, reusing the problem-solving knowledge fortemporal abstraction in other domains, and sharing the domain-specificknowledge with other problem solvers that might need access to the domain�stemporal-reasoning knowledge.

viAcknowledgmentsMy wife, Smadar, has been with me during the last three of my four graduatedegrees, over two continents and three academic centers. That alone would bebeyond most peoples� endurance; yet, Smadar has always supported me in myquest for combining the disciplines of computer science and medicine, wasamazingly patient, and has been a constant source of calmness. Our daughter,Lilach proved to be equally patient, and even our son, Tomer, who has joined ourfamily only recently, has never been known to file a formal complaint.No acknowledgments would be complete without mentioning the help incontinuing my graduate studies that I got, and the foundations in AI and generalmathematics and computer science that I learned, from my former mentors:Larry Manevitz, Martin Golumbic, Larry Birnbaum and, especially, JonathanStavi.My main advisor, Mark Musen, has been supporting my ideas from thebeginning. Mark helped me find my way around the rather new academicdiscipline of medical informatics, which turned out to be neither a subset ofmedicine nor an extension of computer science, two areas I was familiar with.Mark also was often my scientific editor, not an easy task. Barbara Hayes-Rothwas highly encouraging from the beginning of this work, was always anexcellent sounding board, and provided short but penetrating comments thatinfluenced greatly the organization of my work. Richard Fikes� meticulousexamination of the details of my logical framework was immensely useful; itforced me to clarify my ideas so that the casual, though technical, reader canunderstand them unambiguously. Finally, a fourth, though unofficial, importantreader and advisor of this thesis was Michael Kahn. Michael encouraged myinterest in temporal reasoning in medicine, an area to which he himselfcontributed greatly, and agreed from the beginning of this research to support itwith his advice; his comments were always sound and practical. I have also viifound in Michael�s Ph.D. thesis a model of clarity in writing and organizationthat I have tried, at least, to emulate.I have enjoyed greatly my stay at Stanford and its great environment�both itsweather and its people. I feel indebted to Ted Shortliffe for arriving at thatenvironment. I have been corresponding with Ted several years before I hadarrived at Stanford, and it was due to his vision in creating the program inmedical informatics and being the driving force behind it that I realized that myinterests lay in this new interdisciplinary area. Ted also facilitated greatly myarrival at Stanford. Finally, when I was forming my thesis proposal, I found mydiscussions with Ted about his concepts as to how a proposal should look andthe way it should be developed into a thesis as highly practical and useful.Working with everybody in the PROT�G�-II/T-Helper gang was (and still is) agreat experience. In particular, I would like to thank Samson Tu for all thedetailed conversations we had on planning and temporal reasoning in medicine,which helped me greatly in focusing and implementing my ideas. Henrik(�super hacker�) Eriksson was always a great help too. I had also spent manypleasant hours discussing decision-analysis and other issues with John Egar.Finally, I had many highly relevant technical discussions with Amar Das, who isanother brotherly spirit in the area of temporal reasoning in medicine, and whohelped me find many of the reference sources.My written work would surely be unreadable if not for Lyn Dupr�s industriousediting of my papers over the years and of my drafts of this thesis. My friendLynne Hollander often helped in this task, and supplied general encouragementand many interesting discussions. With respect to support and encouragement, Ifeel indebted also to Betty Riccio, Darlene Vian, Pat Swift and the excellenttechnical support of the SSRG group.Most of my work had been supported by the T-Helper project, funded underGrant No. HS06330 from the Agency for Health Care Policy and Research. Thecomputing resources were provided by the Stanford CAMIS project, fundedunder Grant No. LM05305 from the National Library of Medicine.

viiiContentsAbstract..........................................................................................................................ivAcknowledgments........................................................................................................viContents.........................................................................................................................viiiList of Tables.................................................................................................................xiiList of Figures...............................................................................................................xiiiList of Symbols.............................................................................................................xv1 Introduction: The Temporal-Abstraction Task..................................................11.1 The Temporal Abstraction Task in Clinical Domains...............................51.2 The Temporal-Abstraction Method and Its Mechanisms.........................91.2.1 Temporal Reasoning in Philosophy and Computer Science...........101.2.2 The Knowledge-Based Temporal-Abstraction Method...................121.2.2.1 The Context-Forming Mechanism..............................................161.2.2.2 The Contemporaneous-Abstraction Mechanism......................171.2.2.3 The Temporal-inference Mechanism.........................................181.2.2.4 The Temporal-Interpolation Mechanism...................................191.2.2.5 The Temporal-Pattern�Matching Mechanism.......................201.3 The R�SUM� System......................................................................................211.4 Problem-Solving Methods and Knowledge Acquisition...........................241.5 Summary...........................................................................................................261.6 A Map of the Dissertation...............................................................................272 Problem-Solving Methods and Knowledge Acquisition in ClinicalDecision-Support Systems..................................................................................... 302.1 The Knowledge Level and Problem-Solving Methods..............................322.2 Automated Knowledge-Acquisition Tools and the PROT�G�-II Project372.3 Discussion and Summary...............................................................................433 Temporal Reasoning in Clinical Domains.............................................................453.1 Temporal Ontologies and Temporal Models...............................................473.1.1 Tense Logics.............................................................................................473.1.2 Kahn and Gorry�s Time Specialist........................................................513.1.3 Approaches Based on States, Events, or Changes..............................523.1.3.1 The Situation Calculus and Hayes� Histories.............................52 ix3.1.3.2 Dynamic Logic................................................................................533.1.3.3 Qualitative Physics.........................................................................543.1.3.4 Kowalski and Sergot�s Event Calculus.......................................543.1.4 Allen�s Interval-based Temporal Logic and Related Extensions.....553.1.5 McDermott�s Point-Based Temporal Logic.........................................593.1.6 Shoham�s Temporal Logic.....................................................................603.1.7 The Perspective of the Database Community....................................623.1.8 Representing Uncertainty in Time and Value....................................653.1.8.1 Modeling of Temporal Uncertainty............................................663.1.8.2 Projection, Forecasting, and Modeling the PersistenceUncertainty................................................................................... 693.2 Temporal Reasoning Approaches in Clinical Domains.............................723.2.1 Encapsulation of Temporal Patterns as Tokens.................................733.2.1.1 Encapsulation of Time as Syntactic Constructs........................743.2.2 Encapsulation of Time as Causal Links.............................................. 743.2.3 Fagan�s VM Program: A State-Transition Temporal-Interpretation System.......................................................................... 753.2.4 Temporal Bookkeeping: Russ�s Temporal Control Structure..........783.2.5 Discovery in Time-Oriented Clinical Databases: Blum�s Rx Project833.2.6 Down�s Program for Summarization of On-Line Medical Records863.2.7 De Zegher-Geets� IDEFIX Program for Medical-RecordSummarization...................................................................................... 883.2.8 Rucker�s HyperLipid System...............................................................933.2.9 Qualitative and Quantitative Simulation...........................................943.2.9.1 The Digitalis-Therapy Advisor...................................................943.2.9.2 The Heart-Failure Program..........................................................943.2.10 Kahn�s TOPAZ System: An Integrated Interpretation Model.......963.2.11 Kohane�s Temporal-Utilities Package (TUP)...................................1023.2.12 Haimovitz�s and Kohane�s TrenDx System.....................................1053.2.13 Larizza�s Temporal-Abstraction Module in the M-HTPSystem................................................................................................... 1093.3 Discussion........................................................................................................1134 Knowledge-based Temporal Abstraction............................................................1174.1 The Temporal-Abstraction Ontology..........................................................1184.2 The Temporal-Abstraction Mechanisms.....................................................133 x4.2.1 The Context-Forming Mechanism......................................................1374.2.2 Contemporaneous Abstraction...........................................................1464.2.3 Temporal Inference...............................................................................1484.2.4 Temporal Interpolation.........................................................................1564.2.4.1 Local and Global Persistence Functions and Their Meaning.1664.2.4.1.1 Local Persistence Functions...............................................1674.2.4.1.2 Global Persistence Functions..............................................1694.2.4.1.3 A Typology of D Functions.................................................1724.2.5 Temporal-Pattern Matching.................................................................1764.2.6 The Nonmonotonicity of Temporal Abstractions.............................1794.3 Discussion and Summary..............................................................................1825. The R�SUM� System.............................................................................................1875.1 The Parameter-Properties Ontology...........................................................1885.1.1 Dimensions of Classification Tables...................................................1955.1.1.1 Table Axes.....................................................................................1985.1.2 Sharing of Parameter Propositions Among Different Contexts....2015.2 The Context-Forming Mechanism and the Event and ContextOntologies............................................................................................ 2035.3 The Temporal-Abstraction mechanisms in the R�SUM� System..........2115.3.1 Control and Computational Complexity of the R�SUM� System2115.4 The Temporal Fact Base and Temporal-Pattern Matching.......................2145.5 The Truth-Maintenance System..................................................................2185.6 Discussion and Summary............................................................................2206. Application of Knowledge-Based Temporal Abstraction..............................2226.1 Protocol-Based Care......................................................................................2246.2 Monitoring of Children�s Growth...............................................................2276.3 The Diabetes-Monitoring Domain..............................................................2356.4 Discussion and Summary............................................................................2497. Acquisition of Temporal-Abstraction Knowledge...........................................2577.1 Manual Acquisition of Temporal-Abstraction Knowledge....................2587.2 Automated Acquisition of Temporal-Abstraction Knowledge..............2617.3 Knowledge Acquisition Using Machine Learning...................................2667.4 Discussion and Summary.............................................................................2688. Summary and Discussion....................................................................................270 xi8.1 Summary of This Dissertation....................................................................2718.2 The R�SUM� System and the Temporal-Abstraction Desiderata.........2758.2.1 Accepting as Input Data of Multiple Types and AbstractionLevels.................................................................................................... 2758.2.2 Availability of Output Abstractions at All Levels of Abstraction.2768.2.3 Context-Sensitive Interpretation........................................................2778.2.4 Acceptance of Data Out of Temporal Order.....................................2788.2.5 Maintenance of Several Concurrent Interpretations.......................2788.2.6 Enablement of Temporal and Value Uncertainty............................2798.2.7 Facilitation of Development, Acquisition, Maintenance,Sharing and Reuse of the Knowledge Base..................................... 2798.2.8 Separation of Interpretation from Planning.....................................2808.2.9 Summarization of Medical Records...................................................2808.2.10 Provision of Explanations.................................................................2818.2.11 Support of Plan Recognition and Human-ComputerCollaboration....................................................................................... 2818.3 R�SUM� and Other Clinical Temporal-Reasoning Systems..................2828.3.1 Conclusions from Comparison to Other Approaches....................2868.4 Implications and Extensions of the Work.................................................2888.4.1 Implications for Knowledge Acquisition.........................................2888.4.2 Implications for a Broader Temporal-Reasoning Architecture....2898.4.3 Implications of the Nonmonotonicity of Temporal Abstractions.2908.4.4 The Threshold Problem.......................................................................2928.4.5 Implications for Semantics of Temporal Databases........................2938.4.6 Relationship to Other Knowledge-Based Problem-SolvingFrameworks......................................................................................... 2948.4.7 Implications for Plan Recognition and Critiquing...........................2968.5 Summary.........................................................................................................296Bibliography................................................................................................................299 xiiList of Tables4.1 The default horizontal-inference join (¯) operation for the gradientabstraction type.................................................................................................... 1554.2 An interpolation-inference table representing the secondary temporal-interpolation operation for extending a DECREASING value of thegradient abstraction............................................................................................. 1615.1 Some of the slots in the frame of the Hb_Gradient_CCTG parameter........ 1945.2 A 4:1 (numeric and symbolic to symbolic) maximal-OR range table forthe SYSTEMIC TOXICITY parameter in the context of the CCTG-522experimental AIDS-treatment protocol............................................................ 2006.1 Abstractions formed by the pediatric endocrinologist and by theR�SUM� system in the domain of monitoring children�s growth............... 2346.2 Abstractions formed by the two experts in the diabetes domain..................2456.3 Therapy recommendations made by the diabetes experts.............................248 xiiiList of Figures1.1 Inputs to and outputs of the temporal-abstraction task................................61.2 The knowledge-based temporal-abstraction method....................................141.3 Inducing an interpretation context by an event.............................................161.4 Contemporaneous abstraction..........................................................................171.5 The temporal-inference mechanism.................................................................181.6 The temporal-interpolation mechanism..........................................................191.7 A temporal-pattern parameter..........................................................................201.8 A schematic view of the R�SUM� system architecture................................222.1 The heuristic-classification inference structure..............................................352.2 Decomposition of the task of managing patients on clinical protocolsby the ESPR method........................................................................................... 393.1 The 13 possible relations defined by Allen between temporal intervals...563.2 A nonconvex interval........................................................................................583.3 A variable interval.............................................................................................673.4 The TCS system�s rule environment...............................................................793.5 Partitioning the database by creation of stable intervals in the TCS system803.6 A chain of processes in the TCS system.........................................................813.7 The knowledge base of Downs� summarization program..........................873.8 A time-oriented probabilistic function (TOPF).............................................903.9 Summarization of time-ordered data in the TOPAZ system......................973.10 A range relation (RREL).................................................................................1033.11 A portion of a trend template (TT) in TrenDx.............................................1063.12 A portion of the M-HTP visits taxonomy.....................................................1103.13 A portion of the M-HTP significant-episodes taxonomy..............................1114.1 Processing of parameter points and intervals by the temporal-abstraction mechanisms.................................................................................... 1364.2 Dynamic induction relations of context intervals (DIRCs)..........................1404.3 Local and global persistence functions...........................................................1685.1 The R�SUM� system�s general architecture..................................................1895.2 A portion of the R�SUM� parameter-properties ontology for thedomain of protocol-based care......................................................................... 191 xiv5.3 A portion of the event ontology in the protocol-management domain.....2075.4 A portion of the context ontology in the protocol-management domain..2096.1 Abstraction of platelet and granulocyte counts during administrationof a prednisone/azathioprine (PAZ) protocol................................................ 2266.2 Part of the parameter-properties ontology for the domain ofmonitoring children�s growth........................................................................... 2296.3 Part of the result of running R�SUM� in the domain of monitoringchildren�s growth, using the acquired parameter-properties ontology,on case 1............................................................................................................... 2326.4 Part of the diabetes parameter-properties ontology......................................2366.5 Part of the diabetes event ontology..................................................................2376.6 Part of the diabetes context ontology...............................................................2386.7 Formation of contexts in the diabetes-treatment domain.............................2396.8 One of the charts representing data from Case 30..........................................2416.9 A portion of a spreadsheet representing data from Case 30.........................2426.10 Abstraction of data by R�SUM� in Case 3....................................................244 xvList of SymbolsPART-OF(small caps) a relation name˛The ELEMENT-OF relation‡The GREATER-OR-EQUAL-TO relation£The LESS-THEN-OR-EQUAL-TO relation”Equivalence relation"Universal quantifier (i.e., FOR ALL)$Existential quantifier (i.e., THERE EXISTS)�Logical conjunction (i.e., AND)�Logical disjunction (i.e., OR)�Logical-negation (i.e., NOT)=>Logical-implication (i.e., IMPLIES)<....>A structureƒ()A functiont ˛ TA time stamp and its symbol set-¥, +¥The past and future time stamps*The �wild-card� time stampGi˚˛˚GA temporal-granularity unit and its symbol setIA time intervalTiA time pointp ˛PA parameter and its symbol sete ˛ EAn event and its symbol setaiAn event argumenteThe natural-logarithm basex ˛ XAn interpretation context and its symbol sety ˛ YAn abstraction-goal proposition and its symbol setj ˛ RAny temporal-abstraction proposition and its symbol setq ˛ QAn abstraction function and its symbol setn A (symbolic) parameter or event-argument value xvif ˛ FA temporal-semantic (inferential) property and its symbol set¯The horizontal-join operationDA global (maximal-gap) persistence functionrA local persistence function�The EXTENDS (temporal extension) relationCp ” ~c(p)The significant-change property or function of a parameter p�Q+The QUALITATIVELY POSITIVELY PROPORTIONAL relation�Q-The QUALITATIVELY NEGATIVELY PROPORTIONAL relationHb, WBC(leading capital letter or all caps) A parameter nameGRADE IV(small caps) An actual parameter, argument, or property valueL(I)The length (of a time interval) functionlA local-persistence (exponential) decay rate

Chapter 1: The Temporal Abstraction Task11 Introduction:The Temporal-Abstraction TaskThere are many domains of human endeavor that require the collection ofsubstantial amounts of data over time and the abstraction of those data intohigher-level concepts, meaningful in that domain. In my dissertation, I haveinvestigated the nature of this task, the type of knowledge required for solving itin uniform fashion in different domains, and how that knowledge should berepresented and used. I have focused in my examples on several subdomains ofclinical medicine, in which the task of abstraction of data over time occursfrequently. Most of the ideas I shall discuss, however, are quite general, and areapplicable to other domains in which data need to be interpreted over time.Most clinical tasks require measurement and capture of numerous patient data.Methods for storing these data in specialized medical-record databases areevolving. However, physicians who have to make diagnostic or therapeuticdecisions based on these data may be overwhelmed by the number of data if thephysicians� ability to reason with the data does not scale up to the data-storagecapabilities. Furthermore, most of these data include a time stamp in which theparticular datum was valid; and an emerging pattern over a stretch of time hasmuch more significance than an isolated finding or even a set of findings. Theability to combine several significant contemporaneous findings and to abstractthem into clinically meaningful higher-level concepts in a context-sensitivemanner, ignoring less significant data, and the ability to detect significant trendsin both low-level data and abstract concepts, are hallmarks of the experiencedphysician.Thus, it is highly desirable for an automated, knowledge-based medical decision-support tool that assists physicians who monitor patients over significantperiods, to provide short, informative summaries of clinical data stored on

Chapter 1: The Temporal Abstraction Task2electronic media, and to be able to answer queries about abstract concepts thatsummarize the data. Providing these abilities would benefit both a humanphysician and an automated decision-support tool that recommends therapeuticand diagnostic measures based on the patient’s clinical history up to the present.Such concise, meaningful summaries, apart from their immediate intrinsic value,support the automated system�s further recommendations for diagnostic ortherapeutic interventions, provide a justification for the system�s or for thehuman user�s actions, and monitor plans suggested by the physician or by thedecision-support system. Such a meaningful summary cannot use only timepoints, such as dates when data were collected; it must be able to characterizesignificant features over periods of time, such as "5 months of decreasing liverenzyme levels in the context of recovering from hepatitis." I refer to such periodsas intervals of time, and to the high-level characterizations attached to theseintervals as abstractions.However, most medical decision-support systems, including most knowledge-based ones, either do not represent detailed temporal information about the dataat all, or do not have sufficient general temporal-reasoning knowledge to enablereasoning about temporal relations explicitly. The few systems that includetemporal-reasoning capability encode both the general temporal-reasoningknowledge and the temporal-reasoning knowledge specific to the particularclinical domain in application-specific rules and functions using proceduralrepresentations, such as arbitrary code. Other approaches in clinical informationsystems supply a general procedural syntax for clinical algorithms, and evenprovide data types for time points or intervals, but do not allow for anypredefined semantic aspects (e.g., the concept of a SIGNIFICANT CHANGE OVERTIME) that are specific to the task of abstracting higher-level concepts from time-stamped data, but that are independent of the particular application domain.Such representations often rely on the particular terms of the domain theyrepresent, as well as on the particular terms of the task in which they are beingused; sometimes, they even rely on the particular institution at which they areused (e.g., the clinical parameter SERUM POTASSIUM might have a different labelin different hospitals).

Chapter 1: The Temporal Abstraction Task3The use of such domain-specific approaches enables little reuse of the underlyingdomain-independent temporal-reasoning knowledge for other domains; neitherdoes it enable sharing the domain-specific temporal-reasoning knowledgeaccumulated for the particular encoded task with other tasks and problem-solving methods involving some kind of reasoning about time in the samedomain. For instance, it is correct to infer from two consecutive episodes offever, each lasting 1 week, that the patient had an episode of fever lasting 2weeks. In addition, a conclusion of having a 3-week fever might be valid incertain contexts when there was a nonmonitored gap of a week between the two1-week fever episodes, but probably not if the gap was more than a month.However, it is definitely not the case that two episodes of pregnancy, each lasting9 months, can be abstracted into a longer pregnancy episode of 18 or moremonths, even if the two episodes could happen consecutively. Such reasoninguses knowledge about the temporal-semantic properties of the clinical parametersinvolved, knowledge that is specific for a particular domain (e.g., a clinical area)of application, and that is crucial for the domain-independent task of temporalabstraction. Most knowledge-based systems do not represent this knowledgeexplicitly, although it is used implicitly. In addition, due to the idiosyncraticnature of the knowledge-representation scheme of temporally orientedknowledge used in most systems, it is difficult to acquire the required knowledgefrom expert physicians in a uniform, well-defined way, or to maintain thatknowledge, once acquired. Finally, if an explicit representation of thatknowledge is lacking, it is even more difficult to construct an automatedknowledge-acquisition tool that might be used directly by an expert physician tobuild the required medical knowledge base. Constructing such tools, whenpossible, has been shown to have major benefits, mainly in facilitating theacquisition of knowledge without the intervention of a knowledge engineer.This dissertation concerns a reasoning method and its required knowledge, thatare specific to the task of abstracting higher-level concepts from time-stampeddata in knowledge-based systems, but independent of any particular domain. Ispecify the theory underlying the method in a general, domain-independent wayby a logical model of time, events (e.g., administration of a drug ) parameters

Chapter 1: The Temporal Abstraction Task4(e.g., platelet count), and the contexts these entities create for interpretation ofdata (e.g., a period of chemotherapy effects): a knowledge-based temporal-abstraction theory. Thus, the domain-specific requirements and semantics of themethod I propose are well defined and can be easily customized for particulardomains. My goal is to create, from input time-stamped data, interval-basedtemporal abstractions, such as "severe anemia for 3 weeks in the context ofadministering the drug AZT," as well as abstractions defined by more complexpatterns, involving several such intervals. These intervals can be used forplanning interventions for diagnostic or therapeutic reasons, for monitoringtherapy plans during execution, and for creating high-level summaries ofmedical records that reside on a clinical database. Temporal abstractions are alsohelpful for explanation purposes. Finally, temporal abstractions can be a usefulrepresentation for comparing the system�s recommended plan with that of thehuman user, when the overall and intermediate goals in both plans can bedescribed in terms of creating and maintaining certain temporal patterns.My methodology involves defining a knowledge-based temporal-abstractionmethod that decomposes the task of abstracting higher-level, interval-basedabstractions from input data into several subtasks. These subtasks are thenperformed by several separate, domain-independent, temporal-abstractionmechanisms. The temporal-abstraction mechanisms depend on four domain-specific knowledge types. I define the independent mechanisms composing thetemporal-abstraction method in a formal, uniform, explicit way, such that theknowledge needed to instantiate them in any particular domain and task can beparameterized and acquired from domain experts manually, with automatedtools, or by other methods (e.g., machine learning). I organize the domain-specific knowledge required for instantiating the temporal-abstractionmechanisms as four separate types (or categories) to emphasize the nature of theknowledge contained in each category and the role that knowledge plays in thereasoning performed by each mechanism.The temporal-abstraction mechanisms that I suggest can be packaged together(as when used by the knowledge-based temporal-abstraction method) or used

Chapter 1: The Temporal Abstraction Task5separately; thus some, or all, of them can be configured within a more generalproblem solver, such as a therapy planner. The domain-specific knowledge theyuse has clear semantics and can be shared with other applications in the samedomain that require similar types of temporal reasoning.1.1 The Temporal-Abstraction Task in Clinical DomainsConsider the following task: Given time-stamped patient data and severalclinical events (e.g., therapy administration), possibly accumulated over a longtime, produce an analysis of the data that interprets past and present states andtrends and that is relevant for clinical decision-making purposes in the given orimplied clinical contexts. The clinical decision-making purposes usually includedetermining an intermediate-level, temporal-interval-based diagnosis (e.g., "aperiod of 5 weeks of grade III toxicity of the bone marrow due to the effects ofthe therapy," or "an abnormal growth pattern between the ages of 2 and 15 years,compatible with a constitutional growth delay"). The overall diagnosis, such as�AIDS� or �diabetes� is often part of the input, providing a context within whichmeaningful abstractions are formed. Figure 1.1 shows an example of a possibleinput for the temporal-abstraction task, and the resulting output, in the case of apatient who is receiving a clinical regimen for treatment of chronic graft-versus-host disease (GVHD), a complication of bone-marrow transplantation.The goals of the temporal-abstraction task may be to evaluate and summarize thestate of the patient over a time interval (possibly, the full span of the patient�sknown record), to identify various possible problems, to assist in a revision of anexisting therapy plan, or to support a generation of a new plan. In addition,generation of meaningful intervals supports the task of explaining the system�splans and actions to several different classes of users (e.g., a resident physician, anurse, an experienced clinical expert). Finally, representation of overall goals(policies), as well as intermediate ones, as temporal patterns to be achieved oravoided, enables comparison between the plans generated by a knowledge-basedsystem and plans suggested by a user, and supports monitoring the progress ofeither type of plan. Many of these goals are typical to guideline-based therapy.

Chapter 1: The Temporal Abstraction Task6.

¥040020010050¥DD10002000D()DDD100K150K()¥¥¥¥¥¥¥DDD¥¥¥DDDDDD¥¥¥Granu-locytecounts¥¥¥DDD

PAZ protocol|BMT(a)

.¥040020010050¥DD10002000D()DDD100K150K()¥¥¥¥¥¥¥DDD¥¥¥DDDDDD¥¥¥Granu-locytecounts¥¥¥DDD

PAZ protocol

ExpectedCGVHD

M[0]M[1]M[2]M[3]M[0]M[0](b)Figure 1.1: Inputs to and outputs of the temporal-abstraction task.(a) Platelet and granulocyte counts during administration of a prednisone/azathioprine (PAZ)protocol for treating patients who have chronic graft-versus-host disease (CGVHD).

=event; ¥˚= platelet counts; D = granulocyte counts. The time line starts with the bone-marrowtransplantation (BMT) event. This input is typical for temporal-abstraction tasks.(b) Abstraction of the platelet and granulocyte counts shown in Figure 1.1a.

= closedcontext interval;

= open context interval; = closed abstraction interval; M[n] =myelotoxicity grade n. Both types of intervals are typically part of the output of a method solvingthe temporal-abstraction task.

Chapter 1: The Temporal Abstraction Task7There are several points to note with respect to the desired computationalbehavior of a method that creates meaningful abstractions from time-stampeddata:1. The method should be able to accept as input both numeric and qualitative data.Some of these data might be at different levels of abstraction (i.e., we might be giveneither raw data or higher-level concepts as primary input, perhaps abstracted bythe physician from the same or additional data). The data might also involvedifferent forms of temporal representation (e.g., time points or time intervals).2. The output abstractions should also be available for query purposes at all levelsof abstraction, and should be created as time points or as time intervals, asnecessary, aggregating relevant conclusions together as much as possible (e.g.,"extremely high blood pressures for the past 8 months in the context of treatmentof hypertension"). The outputs generated by the method should be controlled,sensitive to the goals of the abstraction process for the task at hand (e.g., onlyparticular types of output might be required). The output abstractions shouldalso be sensitive to the context in which they were created.3. Input data should be used and incorporated in the interpretation even if theyarrive out of temporal order (e.g., a laboratory result from last Tuesday arrivestoday). Thus, the past can change our view of the present. I call thisphenomenon a view update. Furthermore, new data should enable us to reflecton the past; thus, the present (or future) can change our interpretation of the past,a property referred to as hindsight [Russ, 1989].4. Several possible interpretations of the data might be reasonable, eachdepending on additional factors that are perhaps unknown at the time (such aswhether the patient has AIDS); interpretation should be specific to the context inwhich it is applied. All reasonable interpretations of the same data relevant tothe task at hand should be available automatically or upon query.

Chapter 1: The Temporal Abstraction Task85. The method should leave room for some uncertainty in the input and theexpected data values, and some uncertainty in the time of the input or theexpected temporal pattern.6. The method should be generalizable to other clinical domains and tasks. Thedomain-specific assumptions underlying it should be explicit and as declarativeas possible (as opposed to procedural code), so as to enable reuse of the methodwithout rebuilding the system, acquisition of the necessary knowledge forapplying it to other domains, maintenance of that knowledge, and sharing thatknowledge with other applications in the same domain.An example of a common clinical problem in which the temporal-abstraction taskplays a central role is the management of patients who are being treatedaccording to clinical protocols. Clinical protocols are therapy guidelines forparticular diseases and clinical conditions, that usually prescribe a detailed andcomplex set of rules that the physician should follow. Apart from the benefit ofusing expert knowledge accumulated over years, using such standard protocolsallows potential therapeutic regimens to be compared and evaluated. Aninherent requirement of protocol-based care is to accumulate and analyze largeamounts of patient data, sometimes including many dozens of clinicalparameters (laboratory test results, physical findings, assessments by physicians)over time, in the context of one or more treatment protocols (see Figure 1.2). Thegoal is to revise continuously an assessment of the patient�s condition byabstracting higher-level features and states (e.g., a drug-toxicity state) from rawnumerical and qualitative data at various levels of abstraction (e.g., hemoglobin[Hb] values). These higher-level features can be used in monitoring the effects ofthe interventions indicated by the protocol, in recognizing problems, and insuggesting possible modifications to the original treatment plan. Examples ofknowledge-based systems designed solely for the task of assisting physicianstreating patients by clinical protocols include ONCOCIN in the oncology domain[Tu et al., 1989], and T-HELPER in the AIDS domain [Musen et al., 1992a].

Chapter 1: The Temporal Abstraction Task9Answering the typical protocol-related question �Did the patient have a periodof 3 or more weeks of bone-marrow toxicity, Grade II, within the past 6 months,during the administration of the PAZ protocol?� requires the abilities (1) toabstract levels of bone-marrow toxicity from several parameters and events; (2)to bridge the temporal gaps among several data points and intervals, in order tocreate longer meaningful intervals; and (3) to reason about relationships amongvarious temporal intervals, including physical events (e.g., drug administration)as well as abstracted data (e.g., �moderate granulocyte toxicity�). Note that onlysome of this knowledge is represented explicitly in any particular clinicalprotocol. A major part of this knowledge is implicit in the underlyingassumptions of the protocol designer, including the protocol-interpretingcapabilities of the patient’s own physician.In Chapter 3, I discuss previous approaches to temporal reasoning in medicine ingeneral and to the temporal-abstraction task in particular. I point out features ofthese approaches that allow comparison to my methodology. Furthercomparisons with previous approaches are made in the context of discussions ofmy work appearing at the end of Chapters 4 through 7. A summary of allcomparisons to other approaches appears in Section 8.3. Each of the previousapproaches has various advantages and disadvantages. None of them, however,focuses on the knowledge-acquisition, knowledge-maintenance, knowledge-reuse, or knowledge-sharing aspects of designing and building large knowledge-based medical systems that are designed to deal with temporal aspects of clinicaldata.1.2 The Temporal-Abstraction Method and Its MechanismsSince a major emphasis of this work is reasoning about time, it is useful todiscuss briefly how time might be represented at all in computer applications,and what are some of the difficulties inherent in temporal reasoning. InChapter˚3, I delve more deeply into the details of various temporal-reasoningapproaches and computer systems in general, and of approaches applied toclinical domains in particular. Here I present only a brief overview.

Chapter 1: The Temporal Abstraction Task101.2.1 Temporal Reasoning in Philosophy and Computer SciencePhilosophers, linguists, and logicians have been debating the best representationof the concept of time, and the best means of reasoning about time, for at least2500 years. For instance, Aristotle was occupied by the meaning of the truthvalue of future propositions; the stoic logician Diodorus Cronus, followingAristotle’s methods, constructed the master argument that tried to conclude thatevery possibility is realized in the past or the future [Rescher and Urquhart,1971]. A landmark work by Prior [1955] attempted to reconstruct the Diodorianmaster argument in modern terms, using constructs such as "it will be true in thefuture that p," thus defining what is now known as tense logic [Prior, 1957; Prior,1967].Linguists and logicians have worked on various aspects of the use of tenses innatural language [Reichenbach, 1947; Anscombe, 1964]. Some of theseapproaches inspired early attempts in constructing computer programs thatcould reason about natural-language tenses [Bruce, 1972].The work in temporal logic, however, was sparked by research in computerscience in general, and by that in artificial intelligence (AI) in particular. Anyattempt to simulate an intelligent agent must incorporate some notion of time,and systems that implement a model of plans and actions must deal with severalnontrivial issues relevant to the concepts of time and action.Typical issues faced by systems that try to reason about time include the basicunits of time (e.g., points, intervals, or just events that create time references,such as B I R T H ); the granularity of time (e.g., discrete or continuousrepresentations); the meaning of special time references, such as PAST, PRESENTand FUTURE (e.g., a uniform representation of all time references on a single timeline, or granting the time NOW a special status); the branching of time (e.g., thetimeline might be linear, parallel, branching), and the semantics of temporalconnectors (e.g., whether BEFORE is indeed the antonym of AFTER). Variousapproaches were used that have both advantages and disadvantages, dependingon the type of task to which the particular model is applied.

Chapter 1: The Temporal Abstraction Task11One approach that has been very influential in the AI community is Allen’stemporal logic, which uses time intervals as the primitive time units [Allen,1984]. Allen defined a small number of basic binary relations that could holdamong two intervals, such as BEFORE, DURING, and OVERLAPS (see Figure 3.1 inSection 3.1). One advantage of Allen’s logic is the ability to express temporalambiguity in a natural way. For instance, a patient might mention that hesuffered from headache during, or perhaps following, a treatment, without anyprecise time stamps being mentioned. Unfortunately, some of the results incomputer science in the past decade indicate that including such expressivenessin the temporal language used makes the complexity of computation of certainrelations expressed in that language intractable. In particular, the problem ofcomputing all the temporal relationships (such as BEFORE or AFTER) implicit in aset of given temporal relations among time intervals, using Allen’s set of interval-based relations, has been shown to be NP-hard [Villain and Kautz, 1986; Villainet al., 1989]. This result is highly discouraging with respect to finding tractablealgorithms for the problem of computing all the potentially interesting temporalrelations among a given set of temporal intervals, as well as for many relatedproblems. The implication of this complexity result is that finding a possibletime-ordered scenario of all the events conforming to the constraints implicit in aset of statements such as "John had a headache after the treatment," "whilereceiving the treatment, John read a paper," and "before the headache, Johnexperienced a visual aura," or deciding that a given set of temporal relationscontains an inconsistency, probably cannot be done in any reasonable(polynomial) time. (One such scenario might be "John read the paper during thetreatment; and after reading the paper experienced a visual aura that startedduring the treatment, but ended after the treatment; then he had a headache."Many other scenarios are possible; sometimes, no scenarios are possible.)Another approach to modeling time is to use not time intervals as the basic timeprimitives, but time points [Mcdermott, 1982; Shoham, 1987]. This model isnatural in many clinical domains, especially where monitoring tasks arecommon, since data are typically time-stamped unambiguously. In addition,computations based on time points are typically more manageable.

Chapter 1: The Temporal Abstraction Task121.2.2 The Knowledge-Based Temporal-Abstraction MethodChoosing an appropriate representation for time is only one facet of thetemporal-abstraction task. In Chapter 4, I describe my methodology forrepresenting and for using knowledge about abstraction of higher-level conceptsfrom time-stamped input data. In Chapter 5, I describe a particular architectureimplementing that methodology, an architecture that demonstrates severaladditional claims regarding the nature of the temporal-abstraction task and therequirements for a general solution for that task that also addresses the need tofacilitate the acquisition, representation, maintenance, reuse, and sharing of theknowledge required for solving that task.I have chosen to use as a basis for my methodology a temporal model thatincludes both time intervals and time-stamped points. Time points are thetemporal primitives, but logical propositions (such as primary values andabstractions of data) are interpreted over time intervals. A time interval I isrepresented as an ordered pair of time points representing the interval�s endpoints, [I.start, I.end]. A time point T is a 0-length interval [T, T]. The temporalmodel follows the temporal logic suggested by Shoham [1987]. I have restrictedShoham�s logic to the terms of the temporal-abstraction task; I have alsoexpanded some aspects of that logic. Data values or their abstractions, calledparameters, are interpreted over time intervals in which they hold. An externalevent (an action or process) also is interpreted over a time interval. As I show inChapter 4, the interpretation contexts implied by the various parameters, events,goals of the abstraction process, and their combinations, and the temporal spansof the interpretation contexts, are important components in my model.The knowledge-based temporal-abstraction method decomposes the temporal-abstraction task discussed in Section 1.1 into five subtasks (Figure 1.2). Thesesubtasks are explained in detail in Chapter 4.1 The subtasks include:

1 This introduction uses intuitive terms, trusting that the underlying concepts are clear enoughfor an informal exposition. Terms such as task, method, and mechanism are defined in Section 2.2;terms such as parameter, event, and interpretation context are defined formally in Section 4.1. It issufficient to note at this point that tasks include a set of goals, such as clinical management or

Chapter 1: The Temporal Abstraction Task131.Temporal-context restriction (creation of relevant interpretation contextscrucial for focusing and limiting the scope of the inference)2.Vertical temporal inference (inference from contemporaneouspropositions into higher-level concepts)3.Horizontal temporal inference (inference from similar-type propositionsattached to intervals that cover different time periods)4.Temporal interpolation (join of disjoint points or intervals, associatedwith propositions of similar type, sometimes called �aggregation�)5.Temporal-pattern matching (creation of intervals by matching of patternsover disjoint intervals, associated with propositions of various types)In Chapter 3 I discuss several alternative approaches, described by otherresearchers, to the task of interpreting clinical data over time. Most or all of theapproaches and systems discussed turn out on close examination to be solving tosome degree the same five tasks that are created by the knowledge-basedtemporal-abstraction method. These approaches, however, usually do notdifferentiate among these tasks clearly, and do not state explicitly the knowledgeinvolved in solving them.The five subtasks of the knowledge-based temporal-abstraction method are solvedby five lower-level temporal-abstraction mechanisms (computational modulesthat cannot be decomposed further). I have defined five general, reusabletemporal-abstraction mechanisms that can solve these subtasks [Shahar et al.,1992; Shahar and Musen, 1993]. The relationships between these mechanismsand the five tasks posed by the knowledge-based temporal-abstraction methodare shown in Figure 1.2.The temporal-abstraction mechanisms must be instantiated with domain-specificknowledge in order to be useful for any particular task.

diagnosis, and they are typically performed within specific domains, such as management ofpatients who have AIDS.

Chapter 1: The Temporal Abstraction Task14

StructuralknowledgeClassificationknowledgeTemporalsemanticknowledgeTemporaldynamicknowledge

The temporal-abstraction taskThe knowledge-basedtemporal-abstractionmethodTemporalcontextrestrictionVerticaltemporalinferenceHorizontaltemporalinferenceTemporalinter-polationTemporal-patternmatchingContextformationContempo-poraneousabstractionTemporalinferenceTemporalinter-polationTemporal-patternmatchingFigure 1.2: The knowledge-based temporal-abstraction method.The temporal-abstraction task is decomposed by the knowledge-based temporal-abstractionmethod into five subtasks. Each subtask can be solved by one of five temporal-abstractionmechanisms. The temporal-abstraction mechanisms depend on four domain- and task-specificknowledge types. = task;

= method or mechanism;

= knowledge type; �> =DECOMPOSED-INTO relation;

= SOLVED-BY relation; --> = USED-BY relation.

Chapter 1: The Temporal Abstraction Task15This domain-specific knowledge is the only interface between the knowledge-basedtemporal-abstraction method and the knowledge engineer or the domain expert. Thus,the development of a temporal-abstraction system particular to a new domainrelies only on creating or editing a predefined set of four knowledge categories,most of which are purely declarative.I distinguish among four domain knowledge types used by the temporal-abstraction mechanisms:1.Structural knowledge (e.g., IS-A and PART-OF relations in the domain)2.Classification knowledge (e.g., classification of Hb count ranges into LOW,HIGH, VERY HIGH)3.Temporal semantic knowledge (e.g., the relations among propositionsattached to intervals and their subintervals)4.Temporal dynamic knowledge (e.g., persistence of the value of a parameterover time)The four domain-specific knowledge types required for instantiating thesemechanisms in any particular domain and their relationship to the mechanismsare also shown in Figure 1.2. These mechanisms can be instantiated for mostapplication domains for many tasks that involve context-sensitive reasoningabout time-oriented data. The output of the mechanisms consists of values ofnew parameters, that represent different types of abstraction of the inputparameters (e.g., Hb values). Examples include state (a classification of the valueof the parameter), gradient (the direction of the parameters� change), and rate (aclassification of the rate of change of a parameter) abstractions. Note that anabstraction of a parameter is a new parameter with its own set of values andproperties. MODERATE_ANEMIA is thus one value of the state abstraction of theHb parameter (i.e., the Hb_State parameter). Parameters include raw data orabstractions of those data (including whole patterns) at any level. A detailed andformal description and analysis of the mechanisms, the tasks they solve withinthe temporal-abstraction method, and their knowledge requirements is provided

Chapter 1: The Temporal Abstraction Task16

+2W+4WAZT-toxicity interpretation contextAZT administration

Figure 1.3. Inducing an interpretation context by an event. The event of administering AZTinduces, in this context, a (potential) AZT-toxicity interpretation context that starts 2 weeks afterthe start of the AZT administration event and ends 4 weeks after the end of that event. Withinthat context would be activated only the temporal-abstraction functions relevant to thatinterpretation context.

= event;

= closed context interval.in Chapter 4. A discussion of the knowledge structures used by the mechanismsis presented in Chapter 5. I shall therefore outline here only the role of the fivebasic mechanisms.1.2.2.1 The context-forming mechanism creates dynamically domain-specificinterpretation contexts induced by combinations of domain-specific events,abstractions, goals of the abstraction process, and by combinations of existinginterpretation contexts. This mechanism also shields the other temporal-abstraction mechanisms from dependence on the domain�s particular events andabstractions, since the temporal-abstraction mechanisms assume only theexistence of well-defined contexts. The context-forming mechanism solves thetask of context restriction. It uses mainly structural and classification knowledge(e.g., PART-OF and SUBCONTEXT relations of events and contexts, respectively).Figure 1.3 presents a typical example of inducing an interpretation context forexpected toxicity abstractions after administration of a bone-marrow suppressivedrug.

Chapter 1: The Temporal Abstraction Task17

Hb = 8.1¥|Hb = 7.9DWBC = 2200Bone-marrow toxicity = GRADE II|

(b)¥Hb_STATE = LOW(a)Figure 1.4: Contemporaneous abstraction. (a) Abstraction of the value of a single parameter(hemoglobin [Hb] value) by classification, transforming it into the LOW value of the Hb state-abstraction parameter. (b) Abstraction of multiple, contemporaneous, data points into a value ofan abstract concept. | = zero-length time interval.1.2.2.2 The contemporaneous-abstraction mechanism abstracts one or moreparameters and their values, attached to contemporaneous points or intervals,into a value of a new, abstract parameter. An example is when a clinical protocolcombines the values of several hematological parameters measured on the sameday into the classification �grade II bone-marrow toxicity� (see Figure 1.4).Contemporaneous abstraction solves the task of vertical temporal inference. Notethat this mechanism uses mainly structural and classification knowledge aboutparameters and their functional dependencies, but might also need temporaldynamic knowledge (e.g., persistence of value) in order to align correctly in timemeasurements of several parameters that are not stamped with precisely thesame time stamp�a common case in clinical domains.

Chapter 1: The Temporal Abstraction Task181.2.2.3 The temporal-inference mechanism infers very specific types of interval-based logical conclusions, given interval-based propositions, that are valid forthe particular domain at hand. An example is when the domain and task allowus to join two meeting intervals with a LOW value of the Hb parameter into onelonger abstracted interval that has the LOW value of Hb (See Figure 1.5a). Thus,the LOW value of Hb has the concatenable property [Shoham, 1987]. In addition,if abstractions are concatenable, temporal inference also determines the value ofthe joined abstraction (e.g., DECREASING and INCREASING might be concatenatedinto NONMONOTONIC). Note that two pregnancy episodes would not beconcatenable. Temporal inference also is used to determine that certainabstractions, when known for interval I1, can be inferred for every subinterval I2that is contained in I1. Such abstractions have a downward-hereditaryinferential property [Shoham, 1987]. Thus, if the characterization �patient hasAIDS� was true throughout 1993, it also was true throughout March 1993 (seeFigure 1.5b). Note that this conclusion does not necessarily hold for the

(b)(a)Hb_State = LOWHb_State = LOWHb_State = LOWHb_State = LOWHb_State = LOWFigure 1.5: The temporal-inference mechanism. (a) Use of the concatenable property to joinintervals associated with concatenable propositions and to infer the LOW value of the Hb state-abstraction parameter over the joined interval. (b) Use of the downward hereditary property toinfer the value of the Hb state-abstraction parameter during a subinterval.

= closedabstraction interval.

Chapter 1: The Temporal Abstraction Task19characterization "the patient had a NONMONOTONIC blood pressure during lastweek," since on any particular day the blood pressure could be stable, or at leasthave a consistent direction of change. Temporal inference solves the subtask ofhorizontal temporal inference. It uses temporal semantic knowledge andclassification knowledge (i.e., the join tables).1.2.2.4 The temporal-interpolation mechanism bridges nonmeeting temporalpoints (primary interpolation) or intervals (secondary interpolation). Examplesof its use include creating an abstraction such as "3 weeks of LOW Hb" from twointervals, each 1 week long, of LOW Hb, separated by a gap of a week (see Figure1.6). The temporal-interpolation mechanism uses a domain-specific function, themaximal-gap function, that returns the maximal allowed time gap between thetwo intervals that still enables interpolation over the gap. If the gap is within thefunction’s value, the two intervals and the gap between them are joined into oneabstracted interval. For instance, bridging the gap between two intervals wherethe Hb value was classified as LOW depends on the time gap separating the two

¥¥Hb = 8.9Hb = 7.8

(b)(a)

Hb_GRADIENT = INCHb_GRADIENT = INCHb_GRADIENT = INCHb_GRADIENT = INCFigure 1.6: The temporal-interpolation mechanism. (a) Primary interpolation joins two pointsinto an interval, and calculates the value of the parameter (in this case, the INCREASING value ofthe Hb gradient-abstraction parameter) over that interval. (b) Secondary interpolation joins twointervals into a longer one.

= closed abstraction interval.

Chapter 1: The Temporal Abstraction Task20intervals, on the properties of the Hb-value state abstraction for the value LOW inthat particular context, and on the lengths of time during which the LOW Hbproperty was known both before and after the time gap. The temporalinterpolation mechanism solves the temporal-interpolation subtask. It uses mainly(1) temporal dynamic knowledge (e.g., maximal-gap functions), but needs also(2) temporal semantic knowledge to decide if the propositions are concatenable,(3) classification knowledge to decide on the value of the proposition attached tothe joined intervals, and (4) structural knowledge to decide, for instance, if theparameter can be measured on an ordinal scale.1.2.2.5 The temporal-pattern—matching mechanism detects complex temporalpatterns in the interval-based abstractions (including other patterns) created bythe temporal-abstraction mechanisms. The output is a higher-level parameter,such as �a quiescent-onset pattern of GVHD� (Figure 1.7). Examples includedetecting a pattern such as �4-6 weeks of a decreasing Hb value, followed withina month by at least 2 months of decreasing white-blood—cell (WBC) counts.�

Acute GVHDChronic GVHD

BMT0

Time (days)

Quiescent-onset chronic GVHD100

Figure 1.7: A temporal-pattern parameter. QUIESCENT-ONSET CHRONIC GVHD is defined as�CHRONIC GVHD starting at least 100 days after a bone-marrow transplantation event(considered here as time 0), but within 1 month of the end of a preceding ACUTE GVHD.�

=closed abstraction interval;

= open abstraction interval; GVHD = graft-versus-hostdisease. BMT = bone-marrow transplantation.

Chapter 1: The Temporal Abstraction Task21 Temporal-pattern matching solves the temporal-pattern—matching subtask. It usesmainly pattern-classification knowledge, and some temporal semantic anddynamic knowledge.The abstractions created by the model I described are flexible, one of the desiredproperties of a temporal-abstraction method as defined in Section 1.1. As newdata values arrive, or as an old laboratory value arrives out of time, some of thepropositions attached to time points or intervals might no longer hold, and thechanges associated with the update must be propagated to other conclusionsdepending on these abstractions. How the temporal-abstraction mechanismshandle this essentially defeasible (i.e., potentially retractable) nature of temporalabstractions will be discussed when presenting the mechanisms formally inChapter 4 and when presenting their implementation in Chapter 5.1.3 The R�SUM� SystemI have developed a computer program, R� S U M� , that implements theknowledge-based temporal-abstraction method to create temporal abstractionswhen given time-stamped patient data, clinical events, and a knowledge base ofdomain-related events, interpretation contexts and parameters, described in aparticular, well-defined formalism [Shahar and Musen, 1993]. Such a theory ofthe domain�s entities, relations, and properties is called the domain�s ontology.The R�SUM� system emphasizes a particular methodology for modeling time-oriented domains and the knowledge required for abstracting time-stamped datain these domains. The separate mechanisms implemented in the R�SUM�system and the knowledge structures used to represent the relevant aspects ofthe domain’s ontology are described in detail in Chapter 5.A high-level view of the R�SUM� system architecture is shown in Figure 1.8.R�SUM� is composed of a temporal-reasoning module, a static domainknowledge base�namely the domain’s ontology (containing knowledge aboutparameters, events, and contexts in the domain)�and a dynamic temporal fact

Chapter 1: The Temporal Abstraction Task22base, including temporally-oriented input and output data. The temporal factbase is coupled loosely to an external database, where primitive patient data andclinical events are stored and updated. The inferred abstractions are stored withthe input data in the temporal fact base. The concluded abstractions also can be

. Context-forming mechanismTemporal-abstraction mechanismsDDD

Temporal fact baseEventsContextsAbstractionsPrimitive data

DTemporal-reasoning mechanismsDomain knowledge baseEvent ontologyParameter ontology

External patient database

Context ontologyFigure 1.8: A schematic view of the R�SUM� system’s architecture. The temporal fact base storesintervals representing external events, abstractions, and raw data, as well as system-created,interval-based interpretation contexts and abstractions. Initial data in the temporal fact base arederived from the external database. The context-forming mechanism is triggered by events,abstractions, and existing contexts to create or remove contexts. The temporal-abstractionmechanisms are triggered by intervals and contexts in the temporal fact base to create or retractabstracted intervals. Both mechanism types use domain-specific knowledge represented in thedomain’s ontology of events, contexts and parameters.

= event;

= closed contextinterval; = abstraction interval; = data or knowledge flow.

Chapter 1: The Temporal Abstraction Task23saved in the external database, permitting additional complex temporal queriesto the external database for detecting arbitrary temporal patterns. The R�SUM�system uses, as part of the temporal-pattern—matching mechanism, an internallanguage that is used for defining temporal patterns (i.e., pattern-type abstractparameters), and an external language for querying the dynamic temporal factbase for the existence of certain types of patterns, that is used for interacting withthe user while running the system.In Chapter 6, I present the results of representing knowledge in several clinicaldomains as an ontology of events, contexts, and parameter properties. Inparticular, I discuss the representation and the use of knowledge relevant forseveral protocol-based—care domains, such as treatment of AIDS patients and ofchronic GVHD patients using experimental clinical protocols (Section 6.1). I alsodescribe the results of applying the R�SUM� system in two domainssubstantially different from experimental clinical protocols: monitoring ofchildren�s growth using data that are taken mainly from pediatric growth charts(Section 6.2), and therapy of insulin-dependent diabetes (Section 6.3).The experience of acquiring and structuring the temporal-abstraction knowledgein the domain of monitoring children�s growth was highly valuable forconsolidating the methodology of acquiring temporal-abstraction knowledgefrom a domain expert. It also proved the feasibility of acquiring that knowledgethrough several interviews of the domain expert by another knowledge engineerwho collaborated with me. The results of the application of the temporal-abstraction mechanisms, using this knowledge, to several clinical test cases in thedomain of analysis of pediatric growth charts have been quite encouraging. TheR�SUM� system generated in these particular cases most of the intermediate-level abstractions and patterns that are useful for detecting abnormalities in thatdomain.In the domain of insulin-dependent—diabetes therapy, I have collaborated withtwo domain experts. I have conducted an experiment in which I acquired withina few meetings most of the temporal-abstraction knowledge from one of the

Chapter 1: The Temporal Abstraction Task24experts; the R�SUM� system used that knowledge to analyze a substantialnumber of data taken from an electronic patient database. I also have asked theexperts to specify all of the intermediate- and high-level abstractions (includingtemporal and statistical patterns) that they detected in the data. The expertsagreed on 96% of the different abstractions they found in the data; of these, 80%were generated by R�SUM�. However, the experts did not agree on theappropriate therapy recommendations in even a single case, demonstrating theimportance of specifying and generating explicit, intermediate-level abstractionsfrom the data. These abstractions were more stable than particular treatmentpreferences by each expert, and seemed to represent deeper, better-shared, typesof knowledge.1.4 Problem-Solving Methods and Knowledge AcquisitionThe knowledge-based temporal-abstraction method has been developed withinthe framework of the PROT�G�—II project [Musen et al., 1995]. PROT�G�—II is atool for building knowledge-based systems using a library of modular blocks ofsoftware, representing particular domain-independent problem-solving methods[Puerta et al., 1992]. In Chapter 2, I present the general paradigm of configuringknowledge-based systems from problem-solving methods. One advantage ofthat paradigm is the ability to generate automated knowledge-acquisition (KA)tools for particular problem-solving methods that are chosen, by a designer of anew knowledge-based system, from a library of predefined modules. Thesemethods can be applied to specific tasks in the domain of interest, usually byusing the domain-specific knowledge they require, acquired through the use ofthe automated KA tool.The PROT�G�—II project is an example of the approach of applying a set ofpredefined domain-independent problem-solving methods to the design ofknowledge-based systems in general, and to the design of automated KA toolsfor these systems in particular. In Section 2.2, I review briefly the history of thisproject. For the purpose of understanding the relationship between the R�SUM�system and the PROT�G�—II project, it is sufficient to note that the PROT�G�—II

Chapter 1: The Temporal Abstraction Task25system generates automated tools that can acquire from experts knowledgeuseful for multiple tasks (e.g., both for clinical management and for diagnosis)and for multiple domains (e.g., both for treatment of patients who have cancerand for management of patients who have AIDS). The KA tools rely on differentunderlying problem-solving methods (such as the temporal-abstraction method).Each tool is specific to the domain, task, and problem-solving method defined bythe PROT�G�—II system user. Thus, the method of temporal abstraction,configured from several basic mechanisms and defined in a domain-independentway, fits well into the PROT�G�—II paradigm.The knowledge required to specialize the temporal-abstraction method for anyparticular domain has to be acquired, wholly or partially, from domain experts(such as physicians who design clinical protocols or who are experts at applyingprotocols in particular areas). KA can be done manually, but can be greatlyfacilitated by a computer-driven KA tool that interacts with an expert without anintermediary. A KA tool that interacts with a domain expert needs to know theinternal terminology of the underlying problem-solving method (e.g.,parameters, events, and contexts), the method�s knowledge requirements (e.g.,temporal-semantic knowledge), and the basic terms of the domain. Theknowledge engineer selecting the temporal-abstraction method would firstdefine the domain�s basic ontology (e.g., concepts such as DRUGS andPROTOCOLS) and the relationship between the domain�s ontology and themethod�s internal terminology (e.g., EVENTS), thus enabling the automaticallygenerated KA tool to interact with the expert using the domain’s terms. The restof the domain’s ontology can be refined and modified, assisted by automated KAtools, through the dynamic KA process. Thus, an automated KA tool might beused in the future for acquiring from domain experts some or all of theknowledge required for instantiating the R�SUM� mechanisms in any particulardomain, without interacting with the knowledge engineer.In Chapter 7, I examine the implications of the knowledge-based temporal-abstraction method on the knowledge-acquisition process, either manually, or by

Chapter 1: The Temporal Abstraction Task26using an automated KA tool. I examine also the possibility of using machine-learning techniques to acquire some of the knowledge from clinical databases.1.5 SummaryThis dissertation concerns the task of creating interval-based temporalabstractions, such as "bone-marrow toxicity, grade II, for 3 weeks"�as well asmore complex patterns, based on such intervals�from raw, time-stampedpatient data (including clinical parameters in various levels of abstraction andrelevant contexts). These intervals can be used for the tasks of planning furtherinterventions for diagnostic or therapeutic reasons, for monitoring plans duringexecution, and for the intermediate-level task of creating high-level summaries ofmedical records residing on a clinical database. Temporal abstractions are alsouseful for explanation purposes and for comparing the system�s recommendedplan with that of the human user.I present a theory of context-specific, knowledge-based temporal abstraction,implying a problem-solving method that is specific to the task of abstractinghigher-level concepts from time-stamped data in knowledge-based systems, butindependent of any particular domain. This problem-solving method solves thetemporal-abstraction task by decomposing it into five subtasks.I define five domain-independent temporal-abstraction mechanisms that solvethe subtasks defined by the temporal-abstraction method, and that can generatemeaningful temporal abstractions. The independent mechanisms employed bythe temporal-abstraction method are defined formally, uniformly, and explicitly,such that the knowledge needed to instantiate them in any particular domain andtask can be parameterized, acquired from domain experts, and maintained.I present the architecture of a computer system implementing the temporal-abstraction mechanisms and their respective knowledge requirements, theR�SUM� system. The R�SUM� system�s architecture has several uniquefeatures with respect to the task of temporal abstraction that fit well most of thedesired properties mentioned in Section 1.1. By developing, formalizing, and

Chapter 1: The Temporal Abstraction Task27testing the R�SUM� system, I have been able to explore the advantages of anexplicit, uniform representation of context-dependent temporal-abstractionknowledge in several domains, and its implications for the process of acquiring,maintaining, reusing, and sharing that knowledge.I present the knowledge-based temporal-abstraction model and itsimplementation as an example of a task-specific�but domain-independent�architecture for medical knowledge-based systems. This architecture representsclinical knowledge in a well-defined manner, such that the latter is reusable foradditional tasks in the same domain, sharable with other problem-solvingmethods, and accessible for either acquisition or maintenance. Thus, theR�SUM� system can contribute to the goal of generalizing the design process ofknowledge-based medical decision systems and their associated knowledge-acquisition tools, for a broad range of different tasks and clinical domains.1.6 A Map of the DissertationIn the rest of this dissertation, I elaborate on the nature of the knowledge-basedtemporal-abstraction method and of the mechanisms it comprises, and on theR�SUM� system implementing this method.I start by describing briefly, in Chapter 2, the fundamentals of the problem-solving and modeling approach to knowledge acquisition, with some emphasison clinical domains. In that context I also describe the evolution of thePROT�G�-II project and its relationship to the R�SUM� system. This accountwill provide the reader with some insights as to the motivation behind putting anemphasis on the aspects of uniform representation, knowledge reuse, knowledgesharing, and automated knowledge acquisition.In Chapter 3, I provide a broad overview of temporal-reasoning approaches inphilosophy and computer science in general, and in clinical domains inparticular. I compare these approaches briefly with the R�SUM� system�sapproach, placing my work in context.

Chapter 1: The Temporal Abstraction Task28In Chapter 4, I describe in detail the knowledge-based temporal-abstractionmethod and its underlying framework, the specifications of the five mechanismsthat can solve the subtasks that method posts, and the domain knowledge thatthese mechanisms require. Chapter 4 presents the theoretical, formalfoundations of the knowledge-based temporal-abstraction model.I present the architecture of the R�SUM� system implementing the fivetemporal-abstraction mechanisms in Chapter 5. The description of the R�SUM�system includes a discussion of the knowledge structures representing thedomain�s temporal-abstraction ontology of events, interpretation contexts, andparameters; acquiring this ontology is crucial for instantiating the R�SUM�system�s mechanisms in any particular domain and task. Many of the designdecisions made in the R�SUM� system�s architecture are not arbitrary andconform to the overall desire to facilitate the representation and maintenance oftemporal-abstraction knowledge. Chapter 5 also discusses the R�SUM� system�sapproach to the issues inherent in the logically defeasible nature of the temporalabstractions.In Chapter 6, I demonstrate several applications of the knowledge-basedtemporal abstraction methodology and of the R�SUM� system to severaldifferent clinical domains�protocol-based care, monitoring of children�s growth,and therapy of patients who have insulin-dependent diabetes.Chapter 7 examines three options, not necessarily mutually exclusive, foracquiring the knowledge needed to instantiate the temporal-abstractionmechanisms in a particular domain: (1) acquisition of the knowledge manuallyin a structured manner, (2) use of an automated KA tool based on the knowledgestructures inherent to the temporal-abstraction method, and (3) application ofmachine-learning techniques.Chapter 8 presents an overall summary of the thesis, a discussion of itssignificance and of its results, and future implications of these results.

Chapter 1: The Temporal Abstraction Task29The reader who wishes mainly to understand the details of the knowledge-basedtemporal-abstraction method, its implementation and its uses might want to firstread Chapters 4, 5, and 6 to understand my particular approach, before returningto Chapters 2 and 3 in order to obtain a broader view of the issues involved inconstructing large-scale knowledge-based systems and in performing temporalreasoning in medicine. The motivation underlying my approach might then beclearer. Reading Chapters 2 and 3 will also enhance the value of readingChapters 7 and 8.

Chapter 2: Problem-Solving Methods and KA302 Problem-Solving Methods andKnowledge Acquisition in ClinicalDecision-Support SystemsThe design of a new knowledge-based system�in particular a decision-supportsystem�is a complex process. One of the issues that early developers of suchsystems recognized was that the domain-specific knowledge base must be bothsound (i.e., internally consistent) and complete (i.e., sufficiently correct and up-to-date to solve the task)2. As builders of expert systems realized during the1970s and 1980s, maintaining a correct and complete knowledge base for suchsystems is at least as difficult as is designing the knowledge base in the firstplace.The difficulties involved in the design and maintenance of knowledge-basedsystems are especially relevant in the broad, knowledge-intensive area ofmedicine, with its multiple associated clinical domains. Whether designing asystem for solving a new task (e.g., primary diagnosis) in the same domain (e.g.,infectious diseases), for solving the same task in a new domain (e.g., diagnosis inoncology), or for solving a completely new task (e.g., therapy planning) in a newdomain (e.g., therapy planning for AIDS patients), the designer is faced withsimilar issues. Typical issues include selecting the most appropriate approach tosolve the given task in the particular clinical domain, representing the domain’sphysiological or clinical knowledge inside the system, acquiring the necessarydiagnostic or therapeutic knowledge from domain experts (e.g., expertphysicians who are used to solving such tasks) or other sources, and maintainingthe soundness and completeness of the resultant medical knowledge base.Clinical knowledge is notoriously idiosyncratic. Some well-circumscribedclinical domains lend themselves reasonably well to a physiologic-modeling

2I am using terms such as task and domain informally, trusting that the examples accompanyingthem suffice for the current discussion. I define these terms more formally when I outline thenature of the PROT�G�—II project in section 2.2.

Chapter 2: Problem-Solving Methods and KA31approach, where most of the domain’s properties, causes and effects, and theexpected behavior of most parameters can be described cleanly and concisely bya unified set of mathematical equations. Thus, the relationships among thevarious parameters can be captured implicitly by a small set of governing rules,not unlike the rules of physics. Unfortunately, most clinical domains and tasksinvolve reasoning about clinical parameters at various levels ofconceptualization, whose precise relationships can be described explicitly onlyby a set of associative rules. (Davis and King [1984] made a similar observationthat, due to the lack of a unifying model, clinical domains often lend themselvesmore naturally to representation by rule-based systems). The knowledgerepresented by causal, as opposed to associative, representations is sometimesreferred to as deep or model-based, versus shallow or surface, respectively[Steels, 1990]. The distinction is not necessarily a clear-cut one. As Steels pointsout, inspection of such shallow knowledge encoded in rules often reveals deeperprinciples that have been intentionally summarized to increase efficiency; a moreaccurate term might be compiled knowledge [Steels, 1990]. Furthermore, theclassification itself is vague, and depends on the level of granularity of theknowledge represented; depth is in the eye of the beholder.In either case, however, representing the clinical domain’s knowledge for thepurpose of solving the task, and maintaining that knowledge in the face of arapidly changing medical field, are prominent concerns. Sometimes, just havingto adjust to a different patient population in the same domain is sufficientlydisturbing to disrupt the workings of an existent clinical knowledge-basedsystem and to necessitate profound changes in the system’s knowledge base (e.g.,when prior and conditional probabilities of a set of diagnoses are crucial, as indeDombal�s Bayesian-based system for diagnosis of abdominal pain [Leaper etal., 1972]). Furthermore, part of the task definition might include incorporatingcontinuously new pieces of complex information, such as learning newexperimental clinical protocols for treating the same class of patients.The major reason that great effort is required to develop a new knowledge-basedsystem is that developers use application- and domain-specific, nonreusable,

Chapter 2: Problem-Solving Methods and KA32knowledge representations for essentially similar domains and problem-solvingapproaches. Thus, designers cannot take advantage of systems solving a similarproblem (e.g., scheduling) in another domain, or of those solving anotherproblem in exactly the same domain (e.g., experimental cancer-treatmentprotocols). Even the terminology used in the domain (the domain’s lexicon)might not be standard for developers solving similar tasks in the same domain:Different terms might refer to the same entity, whereas similar terms might havedifferent semantics for another knowledge-based system operating in the samedomain. Finally, technical problems such as different programming languagesand operating systems prevent reusing existing software modules even if allother barriers have been removed. Thus, as has been pointed out by Musen,there are several potential dimensions for reusing or sharing knowledge about aparticular domain or about a particular solution approach [Musen 1992a]. TheR�SUM� system focuses on the issue of sharing problem-solving methods andmechanisms for temporal abstraction, in a domain-independent manner.2.1 The Knowledge Level and Problem-Solving MethodsGiven the difficulties of building new knowledge-based systems from scratch, itwould be highly desirable if designers of new knowledge-based decision-supportsystems in general, and of systems in the highly complex various medical fieldsin particular, could rely on general, domain-independent problem-solvingprinciples and tools. Such principles and tools can assist designers ofknowledge-based systems in the formidable task of developing and maintaininga new system that needs to solve a nontrivial task and that relies for its solutionon a sizable domain-specific knowledge base. Such principles and tools mightcapture the experience of solving the same task in another domain, or solvinganother task in the same domain. In the first case, the designers might be able toreuse problem-solving knowledge that is specific to the task but independent ofthe domain, thus leading to a task-specific architecture of knowledge-basedsystems. In the second case, the designers might be able to reuse existing

Chapter 2: Problem-Solving Methods and KA33knowledge about the structure and properties of the same domain, (its ontology,as defined in Chapter 1) to solve a new task, and even to share this knowledgewith other designers.Even though the problems involved in designing and maintaining knowledge-based systems were recognized early, the general problem-solving principleswere not apparent. In a landmark paper, presented originally as a presidentialaddress to the American Artificial Intelligence Association in 1980, Newellproposed a new and influential term: the knowledge level [Newell, 1982]. Inthat paper, Newell defined a hierarchy of representation levels inherent in everycomputer system�from the device level, through the circuit, logic-circuit andregister levels, to the program (symbol) level, which uses symbols andexpressions. Newell suggested that, rather than focus on the symbol level ofsymbols, functions, and rules (which were formerly considered to constitute"knowledge"), developers should instead concentrate on the elusive higherknowledge level implied by all the symbols and functions, the level that uses thesymbol level to express its problem-solving knowledge. The medium of thislevel is not symbols and expressions, but rather is knowledge, and the level�sbehavior is governed by the principle of rationality: If an agent has knowledgethat one of its actions will lead to attainment of one of its goals, then the agentwill select this action. This knowledge, Newell suggested, is independent of anyparticular symbolic representation, just as the symbol level is independent of anyparticular hardware implementation. Thus, �knowledge is whatever can be ascribedto an agent, such that his behavior can be computed according to the principle ofrationality� [Newell, 1982] (italics added).A case in point is the development of the early rule-based expert system,MYCIN, that was designed to diagnose infectious diseases and to recommendtherapy [Buchanan and Shortliffe, 1984]. The participants in the MYCIN projectrealized from an early stage that the system’s performance was highly dependenton individual domain-specific rules and their interrelationships. This realizationwas the motivation for an interactive KA tool, TEIRESIAS [Davis,1979].TEIRESIAS was a complex tool intended for debugging, modifying, and

Chapter 2: Problem-Solving Methods and KA34updating MYCIN’s complex knowledge base, by using knowledge about theinternal, implementation-specific knowledge represented in the rules’ structure,or rule schemata. The goal of the TEIRESIAS program was to interact with adomain expert (an infectious-diseases specialist), to try to point a particularincorrect or missing rule, and to modify MYCIN’s knowledge base accordingly.Using Newell’s terminology, we can classify TEIRESIAS as a symbol-levelknowledge-acquisition (KA) tool, relying heavily on the particular assumed ruleschema, and requiring the expert physician using the tool to be highly aware of(and knowledgeable about) the particular way the MYCIN programimplemented diagnostic and therapeutic knowledge, and how MYCIN�sreasoning module used the rules [Musen, 1989b]. Neither TEIRESIAS nor theMYCIN program itself included any higher-level representation of the problem-solving knowledge implicit in MYCIN’s rules. Indeed, some of these rules didnot express knowledge about infectious diseases at all, but rather expressedcontrol knowledge required by the particular implementation of the diagnosticand therapeutic knowledge in the form of rules with a particular associatedreasoner [Clancey, 1983].The knowledge-level description of the problem-solving approach employed byMYCIN�as well as by many other, superficially different, knowledge-basedsystems�was finally clarified in a classic paper by Clancey [1985]. Clanceydefined the heuristic-classification (H C ) problem-solving model, a repeatingpattern of inferences in expert systems. The HC method (see Figure 2.1) includes(1) an abstraction step that converts the input facts (e.g., a white-blood—cell[WBC] count) into an abstract concept (e.g., LEUKOPENIA) and even into ageneralized state (e.g., COMPROMISED HOST), (2) a heuristic-match step thatmatches such a concept with an abstract solution (e.g., a certain diagnosticcategory, such as GRAM-NEGATIVE INFECTION), and (3) a solution-refinementstep that refines the abstract solution to the level of a detailed solution that fitsthe case in hand (e.g., a particular type of bacterial infection, such as E. COLIINFECTION). The HC inference model enabled a meaningful description of the

Chapter 2: Problem-Solving Methods and KA35knowledge represented in systems such as MYCIN by noting the roles played byeach particular knowledge item (e.g., a rule classifying a range of the WBC count)

Heuristic matchData abstractions

Solution abstractions

DataabstractionSolutionrefinementDataSolutionsFigure 2.1. The heuristic-classification inference structure. Data are abstracted into higher-levelconcepts. These concepts are matched with an abstract solution, that is then refined in thesolution refinement step. (Adapted from [Clancey, 1985]).in the HC model (e.g., a qualitative-abstraction rule). The symbol-level details ofrules and procedures implementing these knowledge roles are hidden in such adescription. Furthermore, a knowledge-level description lends itself naturally tofurther uses, such as reasoning introspectively about the strategy employed bythe system [Clancey and Letsinger, 1981], or building manual or even automatedKA tools that support the acquisition of knowledge from domain experts bymatching such knowledge to a set of knowledge roles predefined by theproblem-solving method [Bennet, J. 1985; Marcus, 1988]. I discuss automated KAtools in section 2.2.Further understanding of the knowledge level emerged when Chandrasekarandefined the concept of generic tasks [Chandrasekaran, 1983; Chandrasekaran,1986]. Diagnosis is a generic task, that implies no particular control structure,

Chapter 2: Problem-Solving Methods and KA36and it can be solved by various problem-solving methods, such as HC oranother classification method. (Due to its lack of predefined control knowledge,the HC model might more accurately be described as an inference structure[Clancey, 1985; Steels, 1990].) Other knowledge-level methods, more specificwith respect to the knowledge roles they assume, have been defined for thediagnosis task, such as the cover and differentiate method used by MOLE[Eshelman, 1988]. Methods were also defined for design, or constructive,generic tasks, such as propose and revise [Marcus, 1988] . A taxonomy of allsuch potential methods was suggested [McDermott, 1988; Chandrasekaran,1990]. Common to all task-specific problem-solving methods is the limitation ofthe potential role that a domain-knowledge item (e.g., a rule) can play, thusfacilitating the use of this knowledge and its maintenance [McDermott, 1988].On the other hand, role-limiting methods also have limited flexibility and scopefor using other types of domain knowledge or for solving different tasks [Musen,1992b].It also became clear why the MYCIN system had grave difficulties applying itsdiagnostic approach to the phase of selecting optimal antibiotic treatment, once alist of potential pathogenic organisms was concluded in the diagnostic phase:The task of optimal-therapy selection is a configuration task, rather than adiagnostic task, and more appropriate methods than HC exist for solvingconfiguration tasks. As these developments occurred, it became increasinglyclear that designing a new knowledge-based system, and acquiring the appropriatedomain-specific knowledge needed to solve the tasks defined in that domain, are primarilymodeling tasks. The modeling maps the domain’s ontology�terms andknowledge�into knowledge roles that exist in the problem-solving methodschosen for solving the particular tasks that the system is required to solve (themodeling aspect is especially emphasized in Musen’s work [Musen, 1989a]).The temporal-abstraction task that I presented briefly in Chapter 1 can be viewed asa type of a generic interpretation task: Given time-stamped (patient) data andseveral (clinical) events, produce an analysis of the data that interprets past andpresent states and trends and that is relevant for (clinical) decision-making

Chapter 2: Problem-Solving Methods and KA37purposes in the given contexts. A full diagnosis is not necessarily required;rather, all that is needed is a coherent intermediate-level interpretation of therelationships between data and events and among data. The goal is to abstractthe data into higher-level concepts useful for one or more tasks (e.g., therapyplanning or summarization of a patient�s record). The knowledge-based temporal-abstraction method that was shown in Chapter 1 (see Figure 1.1) is a problem-solving method that can solve the temporal-abstraction task for any domain,given an appropriate mapping of the domain-specific knowledge to theknowledge roles defined by this method.2.2 Automated Knowledge-Acquisition Tools and The PROT�G�—II ProjectThe knowledge-based temporal-abstraction method has been developed withinthe framework of the PROT�G�—II project [Puerta et al., 1992; Musen, 1992b]. Itis instructive to review briefly the history of this project, so that we understandthe project�s basis and design, and its relationship to the R�SUM� system.PROT�G�—II applies the paradigm of generic problem-solving methods to thedesign of clinical knowledge-based systems and to the automatic generation ofcomputer-supported KA tools for these systems.During the 1980s, the Stanford medical computer-science group developed aseries of knowledge-based systems and KA tools for managing patients who areenrolled in clinical trials [Shortliffe, 1986; Tu et al., 1989; Musen et al., 1987;Musen, 1989a]. A clinical trial typically involve the use of a clinical protocol, adetailed guideline for the treatment of one or more groups of patients. TheONCOCIN system assisted physicians caring for patients who have cancer andare being treated under clinical protocols (Tu et al., 1989). OPAL (Musen et al.,1987) was an automated, graphic KA tool for ONCOCIN that acquiredknowledge about specific experimental protocols for the treatment of cancerpatients from oncology experts. OPAL interacted with expert physicians byusing a terminology specific to the task of treating cancer patients using suchclinical protocols.

Chapter 2: Problem-Solving Methods and KA38The problem-solving method embodied in ONCOCIN was abstracted into adomain-independent shell, the e-ONCOCIN system. The method used ine-ONCOCIN, and assumed implicitly by OPAL, was episodic skeletal-planrefinement (ESPR) [Tu et al., 1989; Musen, 1989a]. PROT�G� [Musen, 1989a]was a domain-independent shell for defining new domain ontologies to generateOPAL-like KA tools, custom-tailored to a particular domain, as long as the taskwas treatment using clinical protocols (e.g., treating cancer patients usingexperimental protocols, or treating patients who have hypertension usingspecific guidelines). The custom-tailored KA tools created a knowledge base forthe e-ONCOCIN problem solver, thus depending heavily on the implied use ofthe ESPR problem-solving approach. Indeed, the PROT�G� system recreatedOPAL, as well as a similar KA tool for acquiring hypertension protocols.However, the PROT�G� system assumed only one task (managing patients onclinical protocols) and one problem-solving method (ESPR). It also generatedonly one type of KA tool with respect to the user interface.PROT�G�—II is a framework designed to overcome certain of the limitations ofthe original PROT�G� system, such as adherence to a specific problem-solvingmethod [Musen, 1992b]. PROT�G�—II generates KA tools for multiple tasks (e.g.,clinical management or diagnosis) and for multiple domains (e.g., oncology ormanagement of AIDS patients), using different problem-solving methods. Eachtool is specific to the domain, task, and problem-solving method defined by thePROT�G�—II user. A corresponding custom-tailored problem solver is generatedin parallel. In the case of the ESPR method, the oncology domain, and theprotocol-management task, this paradigm would in principle generate bothOPAL and e-ONCOCIN.The basic PROT�G�—II approach relies on the assumption that the design of aknowledge-based system requires relatively few high-level problem-solvingmethods. For example, the ESPR method inherent in e-ONCOCIN, can be recastin a more general knowledge-level description�a description that isimplemented in the EON problem-solver [Musen et al., 1992b]. Using such adescription, we can decompose the ESPR method into the three subtasks: propose

Chapter 2: Problem-Solving Methods and KA39a particular plan from a plan library, identify problems (over time), and revise thecurrent plan [Tu et al., 1992]. In that view, ESPR can be regarded as one of thefamily of the propose (a plan), critique (the proposed solution), and modify (andrevise the plan accordingly) (PCM) methods [Chandrasekaran, 1990]. Thegenerate, test, and debug paradigm [Simmons, 1988] is another example of aPCM method�in this case, for an interpretation task. Figure 2.2 shows how theESPR method decomposes the task of managing patients on clinical protocols.

Knowledge-basedtemporalabstractionInstantiate anddecompose

ESPR MethodProtocolCurrent time

Currentactions

ReviseplanRevisionprocedures

IdentifyproblemsCase

ProposeplanSubtasksMethodsThe task:Managing patients on clinical protocols

Inputs

outputsFigure 2.2: Decomposition of the task of managing patients on clinical protocols by the ESPRmethod, as an example of using the temporal-abstraction method. The task is defined by theinput and output data structures and by semantic constraints imposed on them. The task ofmanaging patients on clinical protocols is decomposed by the ESPR method, if that method isselected by the knowledge engineer, into several subtasks. One of the subtasks is problemidentification, for which the knowledge-based temporal-abstraction method can be selected. Likethe ESPR method, the knowledge-based temporal-abstraction method decomposes the problem-identification task into several subtasks. These subtasks can be performed by several temporal-abstraction mechanisms. See the text for further details regarding a method�s structure.

Chapter 2: Problem-Solving Methods and KA40In the PROT�G�—II project, researchers are developing a library of such reusable,domain-independent, problem-solving methods. These methods will be indexedby the tasks that use them. A task includes a set of inputs and outputs of certaincharacteristics, and a set of semantic constraints on the relationships between theinputs and the outputs with a specific underlying structure. An example of atask is �recommend episodically a set of appropriate actions, given a patient�stime-oriented record and a set of protocols and protocol-managementknowledge� (Figure 2.2). A task is thus similar to a planning goal [Charniak andMcDermott, 1985] without a specification how that goal is to be achieved. A taskusually can be accomplished by several possible methods. Methods typicallydecompose tasks into several subtasks, with no commitment regarding thesubsequent methods to be used in achieving the subtasks. A method, like a task,also assumes a certain model of input and output data structures and semanticconstraints on them. The semantic constraints of the method are usuallytherefore a superset of the constraints of several tasks, and can be indexed by allthe latter. A method also specifies explicitly or implicitly a control structure thatdefines at least a partial order in which the subtasks will be accomplished, adataflow structure that specifies data connections among subtasks, and the domain-specific knowledge (a special input structure) required for the successfulapplication of this method (e.g., certain domain-specific tables and anappropriate look-up procedure). Methods that are not decomposable intosubtasks are called mechanisms.The knowledge engineer building a knowledge-based system selects from themethod library the closest-fitting method for her task, or configures a newmethod using existing methods and mechanisms. In either case, she instantiatesthe methods to be used for the subtasks, by (1) selecting methods or mechanismsfor their respective subtasks, and thus recursively specializing the originalmethod, and (2) by mapping the input and output data structures used by theselected methods and mechanisms to the domain structures, creating domain-specific labels for every concept. The output of the PROT�G�—II system containsboth a specific problem solver configured by the knowledge engineer and acustom-tailored KA tool that can acquire task-specific knowledge needed to solve

Chapter 2: Problem-Solving Methods and KA41the task (Puerta et al., 1992). The custom-tailored KA tool uses the domainconcepts (e.g., CHEMOTHERAPY) and structure as defined by the PROT�G�—IIuser, and relies on the methods that the user selected to solve the particular taskat hand. If the temporal-abstraction method is selected by the knowledgeengineer to solve the task of problem identification (e.g., as posted by the ESPRmethod), it decomposes that task into several subtasks. Each of these subtaskscan be solved by a particular temporal-abstraction mechanism. The subtasks andtheir respective mechanisms were presented briefly in Chapter 1, and arediscussed in depth in Chapter 4. The knowledge-based temporal-abstractionmethod is an example of a general problem-solving method that resides in thePROT�G�—II method library. The ESPR method is an example of a method thatcan use the temporal-abstraction method to solve one of its subtasks, theproblem-identification subtask. However, the knowledge-based temporal-abstraction method can be used by methods other than ESPR, and can solveseveral tasks involving interpretation of time-stamped data. I present examplesof such tasks in Chapter 6.The R�SUM� system implements the knowledge-based temporal-abstractionmethod by using the five temporal-abstraction mechanisms I have defined, tosolve the five subtasks posed by that method when it decomposes the temporal-abstraction task, as explained in Chapter 1. The temporal-abstractionmechanisms also reside in the library of methods and mechanisms, and can beselected individually by the PROT�G�—II user.The PROT�G�—II user can specialize the temporal-abstraction mechanisms for aparticular clinical domain during the phase of defining the task model, and canfill in some of the missing knowledge needed to instantiate the mechanisms inthat domain and task. Additional domain- and task-specific knowledge, neededto instantiate the temporal-abstraction mechanisms fully, can be added by theexpert physician working with the automated KA tool generated by PROT�G�—II. In either case, the four types of knowledge necessary for instantiating theknowledge-based temporal-abstraction method, are mapped into domainconstructs or augmented by new constructs (e.g., maximal-gap functions) as

Chapter 2: Problem-Solving Methods and KA42necessary. As in the original PROT�G� system, the end result is a custom-tailored expert system, designed both to solve the task defined by the PROT�G�—II user and to reason about temporal abstractions in that domain and task.Note that the PROT�G�—II project emphasizes the reuse of task-specific problem-solving knowledge in multiple domains, and the sharing of such knowledgeamong different tasks [Musen, 1992a]. Due to the explicit modeling of thedomain’s ontology, it is potentially feasible that, eventually, the ontology of thedomain itself might be sharable among different tasks and systems. Onepossible, although still exploratory, approach is to use the Ontolingua translationtool [Gruber, 1993] (which is based on the knowledge interchange format [KIF]language [Gennesereth and Fikes, 1992]) to create sharable, portable ontologies.Facilitating the reuse and sharing of problem-solving and domain knowledgewas a major goal in the development of the knowledge-based temporal-abstraction method and of its formal semantics, and also is central to thearchitecture of the R�SUM� system.Several other groups are developing methodologies that involve creating alibrary of problem-solving methods or lower-level components, using theparadigm of modeling different tasks, and mapping these domain-specific tasksto the knowledge roles of the particular method or inference structure. A notableexample is the European KADS project [Weilinga et al., 1992], that provides afull conceptual modeling theory for new domains and tasks. In fact, Linster andMusen [1992] created a conceptual model for the ONCOCIN task using KADS.Other examples include Steel�s group in Brussels [Steels, 1990], the Swiss-BankEMA project [Spirgi et al., 1991], and the Digital Equipment Corporation�s Spark,Burn and FireFighter methodology [Klinker et al., 1991; Klinker et al., 1993].Most groups emphasize the reuse of problem-solving knowledge and thenecessity for modeling the domain in an appropriate way. The PROT�G�—IIproject is unique in the emphasis it places on the generation of automated KAtools.

Chapter 2: Problem-Solving Methods and KA432.3 Discussion and SummaryI have presented a brief overview of the emerging field of designing andmaintaining knowledge-based systems. It is clear that the design andmaintenance tasks are closely related, and that neither of them is trivial for anysystem solving a meaningful task using a significant body of continuouslychanging knowledge. I have pointed out that the problems are especiallyformidable in the case of clinical knowledge, which often involves a mixture ofdeep and shallow models.I have emphasized the importance of the knowledge level. The knowledge level isa level whose representation medium is not program-level symbols andexpressions, but knowledge. Knowledge was defined by Newell functionally�the entity that, when ascribing it to an agent, allows us to compute the agent�sbehavior by the universal principle of rationality. I have demonstrated therelevance of the knowledge level to the case of the MYCIN program and itsassociated TEIRESIAS interactive KA tool, both of which relied heavily onsymbol-level constructs, such as rules, but were expressing implicitly knowledgeabout diagnosis and therapy. Some of this knowledge was eventually definedexplicitly by the HC inference structure. The HC inference structure and theproblem-solving methods, such as cover-and-differentiate, are examples of task-specific architectures, which supply clearly defined knowledge roles, where eachpiece of domain-specific knowledge has a well-defined function. Thesearchitectures support designing new knowledge-based systems, acquiringknowledge for such systems, and maintaining their knowledge base. Thepotential for reusing problem-solving knowledge was pointed out by the conceptof generic tasks that occur in multiple domains, such as diagnosis. The generictasks can use similar inference structures and task-specific problem-solvingmethods and share them across different domains.I presented the PROT�G�—II project as an example of a multiple-method,multiple-domain task-specific architecture for generating problem solvers andtheir associated KA tools, custom-tailored for a domain. PROT�G�—II

Chapter 2: Problem-Solving Methods and KA44distinguishes among tasks, methods that decompose tasks into subtasks, andnondecomposable mechanisms. The ESPR method is an example of a generalproblem-solving method that can solve the task of managing patients who areenrolled in clinical protocols. The ESPR method decomposes its task into severalsubtasks, including the problem-identification subtask. The problem-identification task is an instance of the temporal-abstraction task, and thus is anexample of a task that can be solved by the knowledge-based temporal-abstraction method.The knowledge-based temporal-abstraction method is a general method that canbe used to solve the temporal-abstraction task, a task that involves the abstractionof time-stamped data. The temporal-abstraction method, its subtasks, and itsmechanisms are defined at the knowledge level, without any dependence on aparticular symbol-level implementation. The temporal-abstraction mechanismsdefine knowledge roles for domain-specific knowledge, such as temporal-inference properties of clinical parameters. The R�SUM� system is a symbol-level implementation of a particular configuration of the temporal-abstractionmethod. The temporal-abstraction method, its subtasks, and the mechanismsthat can solve them will be discussed in Chapter 4.

Chapter 3: Temporal Reasoning in Clinical Domains453 Temporal Reasoning in ClinicalDomainsThe ability to reason about time and temporal relations is fundamental to almostany intelligent entity that needs to make decisions. The real world includes notonly static descriptions, but also dynamic processes. It is difficult to representthe concept of taking an action, let alone a series of actions, and the concept of theconsequences of taking a series of actions, without explicitly or implicitlyintroducing the notion of time. This inherent requirement also applies tocomputer programs that attempt to reason about the world. In the area ofnatural-language processing, it is impossible to understand stories without theconcept of time and its various nuances (e.g., "by the time you get home, I willhave been gone for 3 hours"). Planning actions for robots requires reasoningabout the temporal order of the actions and about the length of time it will take toperform the actions. Determining the cause of a certain state of affairs impliesconsidering temporal precedence, or, at least, temporal equivalence. Schedulingtasks in a production line, such as to minimize total production time, requiresreasoning about serial and concurrent actions and about time intervals. Describingtypical patterns in a baby’s psychomotor development requires using notions ofabsolute and relative time, such as "walking typically starts when the baby isabout 12 months old, and is preceded by standing."Clinical domains pose no exception to the fundamental necessity of reasoningabout time. In Chapter 2, I introduced the notion of generic tasks. Such tasks inmedical domains include diagnosis of a current disease, interpretation of a series oflaboratory results, planning of treatment, and scheduling of check-up visits at aclinic. All these tasks require temporal reasoning, implicitly or explicitly. Thenatural course of a disease, the cause of a clinical finding, the duration of asymptom, and the pattern of toxicity episodes following several administrations ofthe same type of drug are all expressions that imply a certain underlying modelof time. In particular, the temporal-abstraction task, which typically requires

Chapter 3: Temporal Reasoning in Clinical Domains46interpretation of large numbers of time-stamped data and events, relies on arobust model of time. Several evaluations of medical expert systems pointed outas a major problem the lack of sufficient temporal reasoning (e.g., for theINTERNIST-I system [Miller et al., 1982]).In Chapter 1, I mentioned several intriguing concepts involved in reasoningabout time (such as its primitive units) that have fascinated philosophers,linguists, and logicians for at least 2500 years. More recently, computer scientistshave been involved in defining various models of time necessary for modeling ina computer naturally occurring processes, including the actions of intelligentagents and the effects of these actions. In Section 3.1, I review major views ofsuch temporal concepts, as represented in the different approaches in thesedisciplines to modeling and reasoning about time. Surveying these approacheswill be useful when I discuss, in Section 3.2., several major computer-systemarchitectures that have involved reasoning about time in clinical domains. I shallcompare, when relevant, the main features of these approaches and architectureswith the R�SUM� system’s architecture and with its underlying knowledge-based problem-solving methodology (i.e., the knowledge-based temporal-abstraction method). The reader should find the brief introduction in Chapter 1to the knowledge-based temporal-abstraction method and its mechanisms, aswell as to the R�SUM� system architecture, sufficient for understanding thecomparison made with these systems. This comparison usually points out thedifferences in the underlying rationale, the emphasis on particular temporalissues, and the general type of solution proposed to common temporal-reasoningproblems. Additional, more detailed points of comparison will be discussedwhen relevant in Chapters 4, 5, and 6. In Section 8.3 I summarize the comparisonbetween the temporal-abstraction model and the R�SUM� system and otherapproaches and systems.Note that I shall limit myself to issues of temporal reasoning (i.e., reasoningabout time and time�s basic nature and properties, and the various propositionsthat can be attached to time units and reasoned about), although I shall mentiona few approaches and systems that address the issue of temporal maintenance

Chapter 3: Temporal Reasoning in Clinical Domains47(i.e., maintaining information about time-oriented data to reason or answerqueries about them efficiently). These topics are highly related, but the researchcommunities involved are unfortunately quite separate. I shall discuss certain ofthe interrelationships when I present the R�SUM� system in Chapter 5 and whenI discuss the implications of my model in Section 8.4.3.1 Temporal Ontologies and Temporal ModelsIn this section, I present briefly major approaches to temporal reasoning inphilosophy and in computer science (in particular, in the AI area). I haveorganized these approaches roughly chronologically. I have classified themodern approaches by certain key features; I considered features that are usefulfor modeling certain aspects of the real world�in particular for the type of tasksmodeled by computer programs. This list therefore contains topics that areneither mutually exclusive nor exhaustive.Apart from the specific references that are mentioned in this section, additionaldiscussion of temporal logic is given in Rescher and Urquhart�s excellent earlywork in temporal logic [Rescher and Urquhart, 1971]. The AI perspective hasbeen summarized well by Shoham [Shoham, 1986; Shoham, 1987; Shoham andGoyal, 1988]. An overview of temporal logics in the various areas of computerscience, and of their applications, was compiled by Galton [1987]. VanBenthem�s comprehensive book [van Benthem, 1991] presents an excellent viewof different ontologies of time and their logical implications.3.1.1 Tense LogicsIt is useful to look at the basis for some of the early work in temporal reasoning.We know that Aristotle was interested in the meaning of the truth value of futurepropositions [Rescher and Urquhart, 1971]. The stoic logician Diodorus Chronus,who lived circa 300 B.C., extended Aristotle’s inquiries by constructing what isknown as the master argument. It can be reconstructed in modern terms asfollows [Rescher and Urquhart, 1971]:

Chapter 3: Temporal Reasoning in Clinical Domains481. Everything that is past and true is necessary (i.e., what is past and true isnecessarily true thereafter).2. The impossible does not follow the possible (i.e., what was once possibledoes not become impossible).From these two assumptions, Diodorus concluded that nothing is possible thatneither is true nor will be true, and that therefore every (present) possibility mustbe realized at a present or future time. The master argument leads to logicaldeterminism, the central tenet of which is that what is necessary at any timemust be necessary at all earlier times. This conclusion fits well indeed within thestoic paradigm.The representation of the master argument in temporal terms inspired modernwork in temporal reasoning. In particular, in a landmark paper [Prior, 1955] andin subsequent work [Prior, 1957; Prior, 1967], Prior attempted to reconstruct themaster argument using a modern approach. This attempt led to what is knownas tense logic�a logic of past and future. In Prior�s terms,Fp ” it will be the case that p.Pp ” it was the case that p.Gp ” it will always be the case that p (” �F�p ).Hp ” it was always the case that p (” �P�p).Prior�s tense logic is thus in essence a modal-logic approach (an extension of thefirst-order logic [FOL] with special operators on logical formulae [Hughes andCresswell, 1968]) to reasoning about time. This modal-logic approach has beencalled a tenser approach [Galton, 1987], as opposed to a detenser, or an FOL,approach. As an example, in the tenser view, the sentence F($x)f(x ) is notequivalent to the sentence ($x)Ff(x); in other words, if in the future there will besome x that will have a property f, it does not follow that there is such an x nowthat will have that property in the future. In the detenser view, this distinction

Chapter 3: Temporal Reasoning in Clinical Domains49does not make sense, since both expressions are equivalent when translated intoFOL formulae. This difference occurs because, in FOL, objects exist timelessly,time being just another dimension; in tenser approaches, NOW is a point of timein a separate class. However, FOL can serve as a model theory for the modalapproach [Galton, 1987]. Thus, we can assign precise meanings to sentences suchas Fp by an FOL formalism.A classic temporal-reasoning distinction relevant to the tenser and detenserapproaches is McTaggart�s attempt to prove the unreality of time [McTaggart,1908]. The point to note from that argument is the distinction McTaggart madebetween the A series and the B series. In McTaggart�s terms, the A series is theseries of positions running from the past to the future; the B series is the series ofpositions that run from earlier to later. In other words, each temporal positionhas two representations: It is one of past, present, or future, and is earlier thansome and later than some other positions. McTaggart tried to show that the Bseries implies the A series, but that the A series is inconsistent. This argumenthas been refuted by several philosophers and logicians (a useful exposition isgiven in the second chapter of Polakow�s work on the meaning of the present[Polakow, 1981]). However, the issue of whether temporal positions are relativeor absolute is still a relevant one in logic and philosophy, and will reappear in thediscussions of the systems that I shall present.3An interesting point in the use of time and tenses in natural language�a pointthat will be relevant to our discussion of time and action�was brought out byAnscombe�s investigation into the meanings of before and after [Anscombe,1964]. An example adapted from Galton [1987] is the following: From thesentence �Hayden was alive before Mozart was alive,� it does not follow thatMozart was alive after Hayden was alive. From �Hayden was alive after Mozartdied,� it does not follow that Mozart died before Hayden was alive. Thus, before

3McTaggart�s original paper also defined the C series: the B series devoid of a forced temporalorder, and thus with an order but with no direction defined on them. He saw the C series ascontaining the only real ontological entities.

Chapter 3: Temporal Reasoning in Clinical Domains50and after are not strict converses. (A point not emphasized by Galton is that, inthe original paper, Anscombe had shown that, in fact, after can be a converse ofbefore, with proper definitions.) Note that, however, from �Hayden was bornbefore Mozart was born,� we can indeed conclude that Mozart was born afterHayden was born. Thus, before and after are converses when they linkinstantaneous events.Work on tenses was also done by the logician Reichenbach [1947]. Reichenbachdistinguished among three times occurring in every tense: the utterance time U(i.e., the time in which the sentence is spoken), the reference time R (i.e., the timeto which the speaker refers), and the event time, E (i.e., the time in which theaction took place). Thus, in the sentence �I shall have gone� U is before R, and Ris after E. Assuming that temporal adverbs attach to the reference time, thedistinction between three times explains why �I did it yesterday� and �I did ittoday� are legitimate linguistic expressions, but �I have done it yesterday,� isnot, since R = U = now.An AI equivalent to Reichenbach�s work is Bruce�s Chronos question-and-answer system [Bruce, 1972]. In the Chronos system, Bruce implemented hisformal model of temporal reference in natural language, generalizingReichenbach�s three time tenses to n-relations tenses. Bruce defined seven basicbinary time-segment relations: before, during, same-time, overlaps, after, contains,overlapped. A tense is an n-ary relation on time intervals; that is, it is theconjunction� Ri (Si, Si+1), i = 1..n-1,where S1...Sn-2 are time points. In Reichenbach�s terms, S1 = U, Sn = E, andS2...Sn-1 = R. Ri is a binary ordering relation on time segments Si, Si+1, one of theseven defined by Bruce. For instance, the sentence "He will have sung" would berepresented as before(S1, S2) � after(S2, S3), or even asbefore (S1, S2) � same-time(S2, S3) � after(S3, S4).

Chapter 3: Temporal Reasoning in Clinical Domains51The Chronos system was only a prototype. There was no particular temporalstructure linking the various propositions that the system maintained.Furthermore, there was no attempt to understand the propositions attached to thevarious time points. In particular, a symbol such as WAS might or might notserve as a tense marker, dependent on context (e.g., �He was to go� might beinterpreted in Prior�s tense logic as a formula of the form PFp, namely a past-future form interpretation, versus the obligatory form interpretation).Furthermore, even when a tense marker is identified as such, it can indicatedifferent tenses; that again is dependent on context.3.1.2 Kahn and Gorry’s Time SpecialistKahn and Gorry [1977] built a general temporal-utilities system, the timespecialist, that was intended not for temporal reasoning, but rather for temporalmaintenance of relations between time-stamped propositions. However, thevarious methods they used to represent relations between temporal entities areinstructive, and the approach is useful for understanding some of the work inmedical domains that I discuss in Section 3.2., such as Russ�s temporal controlstructure (TCS) system [Russ, 1986].The time specialist is a domain-independent module that is knowledgeablespecifically about maintaining temporal relations. This module isolates thetemporal-reasoning element of a computer system in any domain, but is not atemporal logic. Its specialty lies in organizing time-stamped bits of knowledge.A novel aspect of Kahn and Gorry�s approach was the use of three differentorganization schemes; the decision of which one to use was controlled by theuser:1. Organizing by dates on a date line (e.g., �January 17 1972�)2. Organizing by special reference events, such as birth and now (e.g., �2 yearsafter birth�)

Chapter 3: Temporal Reasoning in Clinical Domains523. Organizing by before and after chains, for an event sequence (e.g., �the feverappeared after the rash�)By using a fetcher module, the time specialist was able to answer questions aboutthe data that it maintained. The time specialist also maintained the consistency ofthe database as data were entered, asking the user for additional input if itdetected an inconsistency.Kahn and Gorry made no claims about understanding temporally orientedsentences; the input was translated by the user to a Lisp expression. Neither didthey claim any particular semantic classification of the type of propositionsmaintained by the time specialist. Rather, the time specialist presents an exampleof an early attempt to extract the time element from natural-languagepropositions, and to deal with that time element using a special, task-specificmodule.3.1.3 Approaches Based on States, Events, or ChangesSome of the approaches taken in AI and general computer science involve aroundabout way of representing time: Time is represented implicitly by the factthat there was some change in the world (i.e., a transition from one state toanother), or that there was some mediator of that change.3.1.3.1 The Situation Calculus and Hayes� HistoriesThe situation calculus was invented by McCarthy [McCarthy 1957; McCarthyand Hayes, 1969] to describe actions and their effects on the world. The idea isthat the world is a set of states, or situations. Actions and events are functionsthat map states to states. Thus, that the result of performing the OPEN action in asituation with a closed door is a situation where the door is open is representedas"s True(s, CLOSED_DOOR) =>True (Result (OPEN, s), OPEN_DOOR).

Chapter 3: Temporal Reasoning in Clinical Domains53Notice that a predicatelike expression such as ON(Block1, Block2) is really afunction into a set of states: the set of states where Block1 is ON Block2.Although the situation calculus has been used explicitly or implicitly for manytasks, especially in planning, it is not adequate for many reasons. For instance,concurrent actions are impossible to describe, as are actions with duration (notethat OPEN brings about an immediate result) or continuous processes. There arealso other problems that are more general, and are not specific to the situationcalculus [Shoham and Goyal, 1988].Hayes, aware of these limitations, introduced the notion of histories in his�Second Naive Physics Manifesto� [Hayes, 1985]. A history is an ontologicalentity that incorporates both space and time. An object in a situation, or O@S, isthat situation�s intersection with that object�s history [Hayes, 1985]. Permanentplaces are unbounded temporally but restricted spatially. Situations areunbounded spatially and are bounded in time by the events surrounding them.Most objects are in between these two extremes. Events are instantaneous;episodes usually have a duration. Thus, we can describe the history of an objectover time. Forbus [1984] has extended the notion of histories within hisqualitative process theory.3.1.3.2 Dynamic LogicAn equivalent of the situation calculus in the domain of computer-programdescription and verification is the Dynamic logic formalism [Pratt, 1976]. Theintent of dynamic logic is to capture a transition between program states, whichreflect the state of the closed world, the mediator of the change being theprogram. Thus, we can talk of the assertions that hold before and after asequence of programs has been executed. Time is not an explicit entity. AsShoham and Goyal [1988] point out, the restrictions on expressiveness fordynamic logic are the same as those for the situation calculus.

Chapter 3: Temporal Reasoning in Clinical Domains543.1.3.3 Qualitative PhysicsIn his influential �Naive Physics Manifesto� and its updated version [Hayes,1978; Hayes, 1985], Hayes argued persuasively for formalizing and axiomatizinga sizable part of the real physical world, an approach sometimes referred to ascommonsense reasoning. This approach has been taken, in a sense, in thequalitative-physics (Q P ) branch of AI [Bobrow, 1985]. Researchers haveattempted to model, to reason about, and to simulate various physical domains,such as digital circuits or liquid containers, with different approaches. De Kleerand Brown [1984] described a circuit in terms of components and connections.Forbus [1984] defined his qualitative process theory for reasoning about activeprocesses, such as a boiling liquid. Kuipers [1986] described a general qualitativesimulation framework. Weld [1986] described a methodology to describe anddetect cycles in repeating processes.Common to the QP approaches is that they have no explicit representation oftime, referring instead to a set of system states, or landmarks, and to a transitionfunction that changes one state to another [Kuipers, 1986]. The passage of time isevident only by the various transitions to possible states. Even when time ismodeled, it is used only implicitly as an independent variable used in thequalitative equations defined for the particular domain, rather than as a first-class object with properties of its own [Forbus, 1984; Weld, 1986].My work does not include building any complete theory of clinical domainsusing a QP theory; it focuses on explicit properties of clinical parameters overtime. However, I adopt Forbus� terminology for modeling proportionalityrelationships between clinical parameters when I discuss the detection oftemporal trends encompassing several conceptual abstraction levels.3.1.3.4 Kowalski and Sergot�s Event CalculusKowalski and Sergot developed a particular type of logic, the event calculus,mainly for updating databases and for narrative understanding [Kowalski andSergot, 1986]. The event calculus is based on the notion of an event and of an

Chapter 3: Temporal Reasoning in Clinical Domains55event�s descriptions (relationships). Relationships are ultimately over timepoints; thus, after(e) is the period of time started by event e. Updates to the stateof the world can only add information. Deletions add information about the endof the period of time over which the old relationship holds. The event calculususes nonmonotonic, default reasoning, since the relations can change as newinformation arrives; for instance, a new event can signal the end of an old one(not unlike clipping an interval in Dean�s Time Map Manager [Dean andMcDermott, 1987]). The event calculus also allows partial description of events,using semantic cases. Thus, events can be defined and used as temporalreferences regardless of whether their temporal extent is actually known. Theycan also be only partially ordered. Events can be concurrent, unlike actions inthe situation calculus.The event calculus was defined and interpreted as Horn clauses, augmented bynegation as failure, and can in principle be interpreted as a Prolog program.3.1.4 Allen�s Interval-Based Temporal Logic and Related ExtensionsAs mentioned in Section 1.2.1, Allen [1984] has proposed a framework fortemporal reasoning, the interval-based temporal logic. The only ontologicaltemporal primitives in Allen�s logic are intervals. Intervals are also the temporalunit over which we can interpret propositions. There are no instantaneousevents�events are degenerate intervals. Allen�s motivation was to expressnatural-language sentences and to represent plans. Allen has defined 13 basicbinary relations between time intervals, six of which are inverses of the other six:BEFORE, AFTER, OVERLAPS, OVERLAPPED, STARTS, STARTED BY, FINISHES, FINISHEDBY, DURING, CONTAINS, MEETS, MET BY, EQUAL TO (see Figure 3.1). Incompletetemporal information common in natural-language is captured intuitivelyenough by a disjunction of several of these relations (e.g., T1 <starts, finishes,during> T2 denotes the fact that interval T1 is contained somewhere in intervalT2, but is not equal to it). In this respect, Allen�s logic resembles the eventcalculus.

Chapter 3: Temporal Reasoning in Clinical Domains56

ABABABABABABABA is EQUAL TO BA is BEFORE BB is EQUAL TO AB is AFTER AA MEETS BB is MET BY AA OVERLAPS BB is OVERLAPPED BY AA STARTS BB is STARTED BY AA FINISHES BB is FINISHED BY AA is DURING BB CONTAINS AFigure 3.1: The 13 possible relations, defined by Allen [1984], between temporal intervals. Notethat six of the relations have inverses, and that the EQUAL relation is its own inverse.

Chapter 3: Temporal Reasoning in Clinical Domains57Allen defined three types of propositions that might hold over an interval:1.Properties hold over every subinterval of an interval. Thus, the meaningof Holds(p, T) is that property p holds over interval T. For instance, �Johnwas sleeping during last night.�2.Events hold only over a whole interval and not over any subinterval of it.Thus, Occurs(e, T) denotes that event e occurred at time T. For instance,�John broke his leg on Saturday at 6 P.M.�3.Processes hold over some subintervals of the interval in which they occur.Thus, Occurring(p, T) denotes the process p occurring during time T. Forinstance, �John is walking around the block.�Allen�s logic does not allow branching time into the past or the future (unlike, forinstance, McDermott�s logic, which I discuss in Section 3.1.5).Allen also constructed a transitivity table that defines the conjunction of any tworelations, and proposed a sound (i.e., produces only correct conclusions) butincomplete (i.e., does not produce all correct conclusions) algorithm thatpropagates efficiently (O(n3)) and correctly the results of applying the transitivityrelations [Allen, 1982].Unfortunately, as I have hinted in Section 1.2.1, the complexity of answeringeither the question of completeness for a set of Allen�s relations (finding all feasiblerelations between all given pairs of events), or the question of consistency(determining whether a given set of relations is consistent) is NP-complete[Villain and Kautz, 1986; Villain, Kautz and van Beek, 1989]. Thus, in our currentstate of knowledge, for practical purposes, settling such issues is intractable.However, more recent work [van Beek, 1991] has suggested that limited versionsof Allen�s relations� in particular, simple interval algebra (SIA) networks�cancapture most of the required representations in medical and other areas, whilemaintaining computational tractability. SIA networks are based on a subset ofAllen�s relations that can be defined by conjunctions of equalities and inequalities

Chapter 3: Temporal Reasoning in Clinical Domains58between endpoints of the two intervals participating in the relation, butdisallowing the „ (NOT EQUAL TO)relation [van Beek, 1991].Additional extensions to Allen�s interval-based logic include Ladkin�s inclusionof nonconvex intervals [Ladkin, 1986a; Ladkin, 1986b]. Convex intervals areintervals as defined by Allen; they are continuous. Nonconvex intervals areintervals formed from a union of convex intervals, and might contain gaps (seeFigure 3.2). Such intervals are first-class objects that seem natural forrepresenting processes or tasks that occur repeatedly over time. Ladkin defineda taxonomy of relations between nonconvex intervals [Ladkin 1986a] and a set ofoperators over such intervals [Ladkin, 1986b], as well as a set of standard andextended time units that can exploit the nonconvex representation in an elegantmanner to denote intervals such as �Mondays.� [Ladkin, 1986b]. Additionalwork on models and languages for nonconvex intervals has been done by Morrisand Al Khatib [1992], who call such intervals N-intervals.My temporal primitives are points, not intervals, differing from Allen�s temporalontological primitives. However, propositions, such as the Hb level, or its stateabstraction in a particular context, are interpreted only over intervals.

TimeConvex interval

Nonconvex interval

Figure 3.2: A nonconvex interval. The nonconvex interval comprises several convex intervals.

Chapter 3: Temporal Reasoning in Clinical Domains59In addition, temporal pattern abstractions are potentially nonconvex intervals,being formed of several disjoint intervals; in my model, these parameters arefirst-class citizens, just like any abstraction based on a convex interval.3.1.5 McDermott�s Point-Based Temporal LogicAs I have mentioned in Section 1.2.1, McDermott [1982] suggested a point-basedtemporal logic. The main goal of McDermott�s logic was to model causality andcontinuous change, and to support planning.McDermott�s temporal primitives are points, unlike Allen�s intervals. Time iscontinuous: The time line is the set of real numbers. Instantaneous snapshots ofthe universe are called states. States have an order-preserving date function totime instants. Propositions can be interpreted either over states or over intervals(ordered pairs of states), depending on their type. There are two types ofpropositions. Facts are interpreted over points, and their semantics borrow fromthe situation calculus. The proposition (On Block1 Block2) is the set of stateswhere Block1 is on Block2. Facts are of the form (T s p), in McDermott�s Lisp-likenotation, meaning that p is true in s, where s is a state and p is a proposition, ands˚˛˚p. An event e is the set of intervals over which the event exactly happens:(Occ s1 s2 e) means that event e occurred between the states s1 and s2�that is,over the interval [s1 s2]�where [s1 s2]˚˛˚e. McDermott�s external characterizationof events by actually identifying events as sets of intervals has been criticized (e.g.,[Galton, 1987]). Such a characterization seems to define events in a rathersuperficial way (i.e., temporal span) that might even be computationallyintractable for certain types of events, instead of relying on their internalcharacterization.McDermott�s states are partially ordered and branching into the future, but aretotally ordered for the past (unlike Allen�s intervals, which are not allowed tobranch into either the past or the future). This branching intends to capture thenotion of a known past, but an indeterminate future. Each maximal linear pathin such a branching tree of states is a chronicle. A chronicle is thus a complete

Chapter 3: Temporal Reasoning in Clinical Domains60possible history of the universe, extending to the indefinite past and future; it is atotally ordered set of states that extend infinitely in time [McDermott, 1982].As will be apparent throughout this chapter, there is a tradeoff between usingpoint-based and interval-based temporal logics. For instance, Allen�s interval-based ontology of temporal primitives allows for a natural representation oftemporal uncertainty, such as occurs in natural language and in clinical histories(�the patient felt the pain in his abdomen sometime before he started vomiting�).Point-based temporal primitives seem more natural in domains in which time-stamped data occur naturally, such as when patients are monitored in theintensive-care unit, or when most types of objective clinical data are collected(�the Hb value was 9.8 gr./dl at 8:30 A.M. on January 5, 1983�). Drawingconclusions from point-based primitives is usually more tractablecomputationally. However, we need to distinguish between the temporalprimitives and the propositions interpreted over these primitives. As I pointed outin Section 3.1.4, the temporal primitives in my model are points, rather thanintervals (similar to McDermott�s and different from Allen�s temporal ontologicalprimitives). However, propositions, such as the value of Hb in a particularcontext, are interpreted only over intervals. We also need to define clearly thesemantics of such propositions, since the meaning of these propositionsobviously affects the conclusions we can draw from them. These issues havebeen analyzed by Shoham (see Section 3.1.6), whose work influenced someaspects of the knowledge-based temporal-abstraction model implemented in theR�SUM� system, and in particular, of the temporal-inference mechanism.3.1.6 Shoham�s Temporal LogicAs mentioned in Section 1.2.2, there is another approach to temporal logic, whichinfluenced a part of my model. Shoham [1987], in an influential paper,attempted to clean up the semantics of both Allen�s and McDermott�s temporallogics by presenting a third temporal logic. Shoham pointed out that thepredicate-calculus semantics of McDermott�s logic, like those of Allen�s, are notclear. Furthermore, both Allen�s �properties, events, and processes� and

Chapter 3: Temporal Reasoning in Clinical Domains61McDermott�s �facts and events� seem at times either too restrictive or toogeneral. Finally, Allen�s avoidance of time points as primitives leads tounnecessary complications [Shoham, 1987].Shoham therefore presented a temporal logic in which the time primitives arepoints, and propositions are interpreted over time intervals. Time points arerepresented as zero-length intervals, <t, t>. Shoham used reified first-order—logic propositions�namely, propositions that are represented as individualconcepts that can have, for instance, a temporal duration. Thus, TRUE(t1, t2, p)denotes that proposition p was true during the interval <t1, t2>. Therefore, thetemporal and propositional elements are explicit. Shoham notes that the simplefirst-order—logic approach of using time as just another argument (e.g.,ON(Block1, Block2, t1, t2)), does not grant time any special status. He notes alsothat the modal-logic approach of not mentioning time at all, but of, rather,changing the interpretation of the world�s model at different times (rather likethe tense logics discussed in Section 3.1.1), is subsumed by reified first-orderlogic [Shoham 1987; Shoham and Goyal, 1988; Halpern and Shoham, 1986].Shoham provided clear semantics for both the propositional and the first-order—logic cases, using his reified first-order temporal logic. Furthermore, he pointedout that there is no need to distinguish among particular types of propositions,such as by distinguishing facts from events: Instead, he defined several relationsthat can exist between the truth value of a proposition over an interval and thetruth value of the proposition over other intervals. For instance, a propositiontype is downward hereditary if, whenever it holds over an interval, it holds overall that interval�s subintervals, possibly excluding its end points [Shoham 1987](e.g., �Sam stayed in the hospital for less than 1 week�). A proposition is upwardhereditary if, whenever it holds for all proper subintervals of some nonpointinterval, except possibly at that interval�s end points, it holds over the nonpointinterval itself (e.g., �John received an infusion of insulin at the rate of 2 units perhour�). A proposition type is gestalt if it never holds over two intervals, one ofwhich properly contains the other (e.g., the interval over which the proposition�the patient was in a coma for exactly 2 weeks� is true cannot contain any

Chapter 3: Temporal Reasoning in Clinical Domains62subinterval over which that proposition is also true). A proposition type isconcatenable if, whenever it holds over two consecutive intervals, it holds alsoover their union (e.g., when the proposition �the patient had high bloodpressure� is true over some interval as well as over another interval that thatinterval meets, then that proposition is true over the interval representing theunion of the two intervals). A proposition is solid if it never holds over twoproperly overlapping intervals (e.g., �the patient received a full course of thecurrent chemotherapy protocol, from start to end,� cannot hold over two different,but overlapping intervals). Other proposition types exist, and can be refined tothe level of interval—point relations.Shoham observed that Allen�s and McDermott�s events correspond to gestaltpropositions, to solid ones, or to both, whereas Allen�s properties are both upwardhereditary and downward hereditary [Shoham, 1987]. This observation immediatelyexplains various theories that can be proved about Allen�s properties, andsuggests a more expressive, flexible categorization of proposition types forparticular needs.As I point out in Section 4.1, my temporal model is influenced by Shoham�stemporal logic. The temporal primitives are points, whereas propositions areinterpreted over (possibly zero-length) intervals. Clinical parameters and theirrespective values at various abstraction levels and within various contexts aremodeled as propositions. As I shall explain in Section 4.2.3, these propositionscan have several inference properties, corresponding to an extension of Shoham�spropositional types. The temporal-inference mechanism assumes that thedomain ontology of the particular clinical area includes knowledge of suchproperties (i.e., the temporal semantic knowledge) and exploits that knowledge forinferential purposes.3.1.7 The Perspective of the Database CommunityThe focus of this work, as explained in the introductory part of this chapter, istemporal reasoning, as opposed to temporal maintenance. However, it is useful to

Chapter 3: Temporal Reasoning in Clinical Domains63look briefly at the work done by the database community, for whom (at least)calendaric time is a prerequisite for any time-oriented storage of real-world facts.Snodgrass and Ahn [1986] introduced a taxonomy of database models withrespect to their treatment of time. For this classification, they use three potentialtimes: valid time, transaction time, and user-defined time. Valid time denotesthe time when the recorded information was correct. Transaction time recordsthe time at which the information was recorded in the database. User-definedtime is simply a time attribute that the user defines in her database schema. Forinstance, when a patient enters a hospital for surgery, the date on which she wasadmitted is the valid time, and the time that the admission was recorded is thetransaction time. Particular annotations of the patient�s record that signify thetime at which the operation for which she was admitted started and the time theoperation ended might be internal, application-specific, user-defined times.Based on the transaction time and the valid time, Snodgrass and Ahn define fourtypes of databases: snapshot databases have neither type of time. They representa snapshot view of the universe at a particular time instant�that is, a particularstate of the database. Former values are discarded. Rollback databases saveonly the transaction time, and thus store a history of all the database�s states�thatis, a list of snapshots. A rollback operation can reconstruct the database�s state atany point in time. Changes to the database can be made to only the most recentsnapshot. Historical databases save only the valid time. As modifications (e.g.,error corrections) are made, they replace former data; previous states of thedatabase are not saved. Modification is allowed at any point of time. Thus, thedatabase models the most current knowledge about both the past and present.Temporal databases (sometimes called bitemporal databases) support both validtime and transaction time. Thus, the database can be rolled back to a former(perhaps invalid) view of the world, and present a view of what was recorded inthe database at that time. Snodgrass implemented a temporal-query language,TQuel [Snodgrass, 1987], on top of the relational database INGRESS[Stonebraker, 1986], that supported a new type of query, the retrieve query,which added the ability to query the database�s state of knowledge at different

Chapter 3: Temporal Reasoning in Clinical Domains64times about other times (e.g., �what was known in January 1984 about thepatient�s operation in 1978?�).From the ontological point of view, a particularly clean view of a structure fortemporal domains was given by Clifford [1988]. Using a set-theoreticconstruction, Clifford defines a simple but powerful structure of time units.Clifford assumes a certain smallest, nondivisible time particle for every domain,called a chronon [e.g., seconds]. A chronon�s size is determined by the user. Bythe repeated operation of constructed intervallic partitioning�intuitivelyequivalent to segmentation of the time line into mutually exclusive andexhaustive intervals (say, constructing 12 months from 365 days)�Clifforddefines a temporal universe, which is a hierarchy of time levels and units.Clifford also defines clearly the semantics of the operations possible on timedomains in the temporal universe. It is interesting to note that, unlike Ladkin�sconstruction of discrete time units [Ladkin, 1986b], Clifford�s construction doesnot leave room for the concept of weeks as a time unit, since weeks can overlapmonths and years, violating the constructed intervallic partition properties.As I shall show in Chapter 5, the R�SUM� system creates and maintainsessentially a historical database, where all the patient�s past and present clinicalparameters and their abstractions are valid. This maintenance is doneautomatically (unlike the user-driven updates in standard databases) through atruth-maintenance system. All concluded abstractions are defeasible�they arevalid only as long as no datum with a present or past valid time stamp arrivesand invalidates the conclusion, either directly or through a complex chain ofreasoning. However, an external database interacting with the R�SUM� system(which is not a part of that system) can be temporal�saving both the transactiontime and the valid time of every update to a parameter value. Thus, the externaldatabase can save a full history of the R�SUM� system�s conclusions.Similar to Clifford chronons, the R�SUM� system assumes a domain-dependentsmallest-granularity time unit to which other time units can be converted andfrom which these units can be constructed..

Chapter 3: Temporal Reasoning in Clinical Domains653.1.8 Representing Uncertainty in Time and ValueThe models that I have presented thus far that represent time and events mostlyignore several inherent uncertainty issues. For one, the value v of a clinicalparameter p measured at point t might be actually v–e, e being some measure oferror. I refer to such uncertainty as vertical, or value, uncertainty. In addition, itmight not be clear when p was measured: was it at 8:27:05 A.M. last Tuesday, orjust sometime on Tuesday? And if the patient had fever, did it last from theprevious Monday until this Sunday, or did it occur sometime in the previousweek and persisted for at least 2 days? I refer to such uncertainty as horizontal,or temporal, uncertainty. Even if there is absolutely no uncertainty with respectto either the value or the time of measurement, there might still be questions ofthe type �If the patient has high fever on Tuesday at 9:00 P.M., which is known tohave been present continuously since Monday at 8:00 A.M., in the context ofbacterial pneumonia, how long can the fever be expected to last?� or �If we didnot measure the temperature on Thursday, is it likely that the patient was in factfeverish?� I refer to such uncertainty as persistence uncertainty. It involvesboth horizontal and vertical components. Such uncertainty is crucial for theprojection and forecasting tasks. The projection task in AI is the task ofcomputing the likely consequences of a set of conditions or actions, usually givenas a set of cause—effect relations. Projection is particularly relevant to theplanning task (e.g., when we are deciding how the world will look after the robotexecutes a few actions with known side effects). The forecasting task involvespredicting particular future values for various parameters, given a vector of time-stamped past and present measured values, such as anticipating changes infuture stock-exchange share values, given the values up to and including thepresent. The planning task in AI consists of producing a sequence of actions foran agent (e.g., a robot), given an initial state of the world and a goal state, or setof states, such that that sequence achieves one of the goal states. Possible actionsare usually operators with predefined certain or probabilistic effects on theenvironment. The actions might require a set of enabling preconditions to bepossible or effective [Charniak and McDermott, 1985]. Achieving the goal state,as well as achieving some of the preconditions, might depend on correct

Chapter 3: Temporal Reasoning in Clinical Domains66projection of the actions up to a point for determining whether preconditions holdwhen required.Although my methodology, as represented in the knowledge-based temporal-abstraction method and in the R�SUM� problem-solving system, does not solveall the uncertainty issues, it does not ignore them either. My interest lies mainlyin the interpretation of the past and present, rather than in the forecasting or projectionof the future (although the tasks are related). Most of the types of uncertaintymentioned in this section are relevant for the interpretation task. In particular,for the interpretation task (as it manifests itself in the temporal-abstraction task),it is important to specify explicitly assumptions made about any of theuncertainty types, such as filling in missing data where a persistence uncertaintyis involved. I provide mostly declarative, rather than procedural, means tospecify in a uniform manner some of these assumptions, such as representingrandom measurement errors and parameter fluctuations, as well as differenttypes of persistence. The temporal-abstraction mechanisms that I havedeveloped exploit this knowledge in the process of interpreting past and presentdata. Furthermore, the architecture of the R�SUM� system is based on a truth-maintenance system that captures the nonmonotonic nature of that system�sconclusions.In Sections 3.1.8.1 and 3.1.8.2, I present briefly several relevant approaches andsystems that employ reasoning explicitly about various time and valueuncertainties.3.1.8.1 Modeling of Temporal UncertaintyA frequent need, especially in clinical domains, is the explicit expression ofuncertainty regarding how long a proposition was true. In particular, we mightnot know precisely when the proposition became true and when it ceased to betrue, although we might know that it was true during a particular time interval.Sometimes, the problem arises because the time units involved have differentgranularities: the Hb level may sometimes be dated with an accuracy level ofhours (e.g., �Tuesday at 5 P.M.�), but may sometimes be given for only a certain

Chapter 3: Temporal Reasoning in Clinical Domains67

Begin(I)Body(I)End(I)Figure 3.3: A variable interval I. Variable intervals are composed of a certain body, and ofuncertain start and end points, represented as intervals. (Adapted from [Console et al., 1988].)day (�Wednesday�). Sometimes, the problem arises due to the naturallyoccurring incomplete information in clinical settings: The patient complains of abackache starting �sometime during the past year.� There is often a need torepresent that vagueness.Console and Torasso [Console, Furno, and Torasso, 1988; Console and Torasso,1991a; Console and Torasso, 1991b] present a model of time intervals thatrepresents such partial knowledge explicitly. It was designed to represent causalmodels used for diagnostic reasoning. The authors define a variable interval: atime interval I composed of three consecutive convex intervals (i.e., each is aconvex set of points on the time line). The first interval is begin(I), the second iscalled body(I), and the third is called end(I) (Figure 3.3).Operations on convex intervals can be extended to variable intervals. We cannow model uncertainty about the time of the start or end of the actual interval,when these times are defined vaguely, since the begin and end intervals of avariable interval represent uncertainty about the start and stop times of the realinterval; the body is the only certain interval where the proposition representedby the interval was true. Console and Torasso discuss the relevance of theirtemporal model to the task of diagnosis based on causal (pathophysiological)models [Console, Furno, and Torasso, 1988], demonstrate the use of their modelfor medical diagnosis using abductive reasoning [Console and Torasso, 1991a],and discuss the computational complexity of propagating dependencies in theconstraint-satisfaction network created between variable intervals [Console andTorasso, 1991b].

Chapter 3: Temporal Reasoning in Clinical Domains68An approach closely related to Console and Torasso�s variable intervals is Das�temporal query language, defined and implemented in terms of relationaldatabases [Das and Musen, in press]. Das also assumes vagueness in temporalend points. The Das model, which he implemented as the Chronus system,attributes the same granularity�the finest possible in the database (e.g.,seconds)�to all time points. This approach is unlike other database approachesthat assume predefined granularities, such as hours and days, to capturetemporal uncertainty. Instead, Das represents instantaneous events as two points:a lower time bound and an upper time bound, thus creating an interval ofuncertainty (IOU). If the time of the event is known, the upper and lowerbounds of the IOU coincide. Interval-based propositions are represented by abody bounded by two events: the start and the stop events of the interval, bothrepresented as IOUs. The body is simply the interval between the upper boundof the start event and the lower bound of the end event, and is called the intervalof certainty (IOC). The IOUs and IOCs can be stored as relations in a relationaldatabase. Note that this approach disposes of the need to predefine particulartime units representing levels of granularity, and allows expression of arbitraryamounts of temporal uncertainty that are not possible given a rigid set of timeunits.Das� approach bestows a special status to the temporal attributes of tuples in arelational database; thus, Das defines semantics for the temporal versions ofrelational operators (such as projection, selection, and join) that use the time-stamp parts of the relational tuples and extend the SQL syntax. Das�s approachcreates a historical database from a standard, snapshot database (in the sensedefined in Section 3.1.7). The valid data in this historic database can be modifiedfor arbitrary given times (past or present); thus, the database maintains a validview of the database�s relations. Das� temporal-maintenance system and theR�SUM� temporal-reasoning system are being used in the development of the T-HELPER project [Musen et al., 1992], that was mentioned in Section 1.1, in whichresearchers are building systems for managing AIDS patients who are enrolled inclinical protocols.

Chapter 3: Temporal Reasoning in Clinical Domains69A different approach from Console and Torasso�s or Das� approach, used byHaimovitz and Kohane [Haimovitz and Kohane, 1993a, 1993b], models temporaluncertainty by representing an uncertain temporal pattern for which their TrenDxsystem searches. I will discuss that approach in detail in Section 3.2.12, when Idescribe the TrenDx system for detecting temporal trends in clinical data.3.1.8.2 Projection, Forecasting, and Modeling the Persistence UncertaintySeveral temporal logics include a persistence axiom for facts (as opposed toevents) that states that a proposition stays true until known to be otherwise.Examples include McCarthy�s law of inertia [McCarthy, 1986] and McDermott�spersistence principle [McDermott, 1982; Dean and McDermott, 1987]. In fact,using a form of nonmonotonic logic, McDermott [1982] asserts that a fact doesnot cease to be true unless we explicitly hear that it no longer is true. That, ofcourse, is not a valid assertion for many real-world propositions. In fact,McDermott explicitly tried to respond to that potential problem in his temporallogic, introducing the idea of limited persistence, or a typical lifetime of a fact.Thus, an event causes persistence of a fact. The idea of lifetimes for facts was notfavored by several researchers, as McDermott himself notes [1982, pp. 124].Further objections have been raised since McDermott�s paper. For instance,Forbus [1984], in discussing his qualitative process theory (see Sections 3.1.3.3and 3.2.2), claims that, if all physical quantities and qualitative relationships aremodeled correctly, there is no need to state that a boulder typically will still be inits place for 50 years, since we will know exactly when it is removed (say, by anavalanche), or why it should still be there, given its relevant physical properties.However, in most cases, there is hardly enough detailed knowledge to justify acomplete model of the world, and a default lifetime for facts is reasonable,especially to model the fact that, if we do not measure a quantity (such as apatient�s Hb level) with sufficient frequency, we eventually lose informationabout that quantity. Nevertheless, it is not clear that, if a persistence of a fact isclipped (in Dean and McDermott�s terms) by an event that falsifies thatpersistence, the persistence should still be asserted up to the clipping point; itwould seem that the semantics of the actual propositions involved should

Chapter 3: Temporal Reasoning in Clinical Domains70determine up to what point in time the fact holds, since certain events or factscan clip another fact�s persistence and imply that the fact was probably false longbefore we noticed that it ceased to be true.Dean and Kanazawa [1988] proposed a model of probabilistic temporalreasoning about propositions that decay over time. The main idea in their theoryis to model explicitly the probability of a proposition P being true at time t,P(<P,˚t>), given the probability of <P,˚t-D>. The assumption is that there areevents of type Ep that can cause proposition p to be true, and events of type E�pthat can cause it to be false. Thus, we can define a survivor function for P(<P,˚t>)given <P,˚t-D>, such as an exponential decay function.Dean and Kanazawa�s main intention was to solve the projection problem, inparticular in the context of the planning task. They therefore provide a methodfor computing a belief function�denoting a belief in the consequences�for theprojection problem, given a set of causal rules, a set of survivor functions,enabling events, and disabling events [Dean and Kanazawa, 1988]. In a laterwork, Kanazawa [1991] presented a logic of time and probability, Lcp. The logicallows three types of entities�domain objects, time, and probability. Kanazawastored the propositions asserted in this logic over intervals in what he called atime network, which maintained probabilistic dependencies among variousfacts, such as the time of arrival of a person at a place, or the range of time overwhich it is true that the person stayed in one place [Kanazawa, 1991]. The timenetwork was used to answer queries about probabilities of facts and events overtime.Two other approaches to the persistence problem are similar to the one taken byDean and Kanazawa (as well as to the one taken by the R�SUM� system),although their rationale is different. One is de Zegher-Geets� time-orientedprobabilistic functions (TOPFs) in the IDEFIX system [de Zegher-Geets, 1987].The other is Blum�s use of time-dependent database access functions and proxyvariables to handle missing data in the context of the Rx project [Blum, 1982]. Idiscuss both methods in Sections 3.2.5 and 3.2.7, in the context of other temporal-

Chapter 3: Temporal Reasoning in Clinical Domains71reasoning approaches in medical domains, to emphasize the goals for developingboth of these systems: automated discovery in clinical databases (in the case ofthe Rx project) and automated summarization of those databases (in the case ofthe IDEFIX system). Both goals are also closer in nature to the goal of thetemporal-abstraction task solved by the knowledge-based temporal-abstractionmethod and its implementation as the R�SUM� system�that is, interpretation oftime-stamped data�than they are to the goal of the projection task underlying theDean and Kanazawa approach.Dagum, Galper, and Horvitz [1992, 1993b] present a method intendedspecifically for the forecasting task. They combine the methodology of staticbelief networks [Pearl, 1986] with that of classical probabilistic time-seriesanalysis [West and Harrison, 1989]. Thus, they create a dynamic network model(DNM) that represents not only probabilistic dependencies between parameter xand parameter y at the same time t, but also P(xt|yt-k)�namely, the probabilitydistribution for the values of x given the value of y at an earlier time. Given aseries of time-stamped values, the conditional probabilities in the DNM aremodified continuously to fit the data. The DNM model was tried successfully ona test database of sleep-apnea cases to predict several patient parameters, such asheart rate and blood pressure [Dagum and Galper, 1993a].An approach related to the use of DNMs by Dagum and his colleagues is the onetaken by Berzuini and his colleagues in the European General Architecture forMedical Expert Systems (GAMES) project [Berzuini et al., 1992; Quaglini et al.,1992; Bellazzi, 1992] and in the GAMEES project, a probabilistic architecture forexpert systems [Bellazzi et al., 1991]. Two of the major goals of the work of thisgroup are monitoring drug administration, and optimizing the process of drugdelivery. The tasks involve forecasting correctly the drug levels, and adjusting apatient model to account for individual deviations from the generic populationmodel. An example is delivery of a costly hormone, recombinant humanerythropoietin, to patients who suffer from severe anemia due to renal failure.The underlying representation for Berzuini and his colleagues is a series ofBayesian networks, such as a network denoting the probabilistic relations

Chapter 3: Temporal Reasoning in Clinical Domains72between the measured level of Hb and other parameters. In addition, theseresearchers used a compartment model to determine the effect of the hormone onthe bone marrow [Bellazi, 1992]. Thus, expected-versus-observed deviations canbe recorded, and conclusions can be drawn about the necessary adjustment in thehormone level.The representation of vertical uncertainty in the GAMEES project is related to theDNM model in at least one important sense: Both approaches modify theconstructed model as more data become available over time. Although theinference procedure starts with generic population-based information, with aparticular distribution for the patient parameters in the compartment model, thepatient-specific responses to the drug over time are used to modify the priordistributions of these individual parameters and to fit the model to the particularpatient [Berzuini et al., 1992]. Thus, a learning element is inherent in the method.3.2 Temporal-Reasoning Approaches in Clinical DomainsIn this section, I shall describe briefly various systems and models that have beenimplemented in clinical domains and that have used some type of temporalreasoning. Note that several clinical systems and models were already describedas general approaches in Section 3.1. However, this section describes systemswhose implicit or explicit underlying tasks and application domains are closer tothe R�SUM� system�s temporal-abstraction interpretation task and to the clinicaldomains to which it has been applied. Nevertheless, note that no two systems(including R�SUM�) have precisely the same underlying goals; usually thesystems were created for different domains and reflect these domains� respectiveconstraints.My presentation of the various systems points out, when relevant, aspects oftemporal-reasoning and temporal-maintenance that were introduced in Section3.1. I highlight features that enable a comparison with the R�SUM� system�sarchitecture and underlying methodology, and discuss such features briefly.

Chapter 3: Temporal Reasoning in Clinical Domains733.2.1 Encapsulation of Temporal Patterns as TokensMost of the early medical expert systems used for diagnosis or treatmentplanning did not have an explicit representation for time, and might be said tohave ignored time�s existence. Nevertheless, these systems did not so muchignore time as encapsulate a temporal notion�sometimes, a whole temporalpattern�in what I call a symbolic token that was an input for the reasoningmodule, just like any other datum. This encapsulation also has been called state-based temporal ignorance [Kahn, 1991d]. A typical example is the token CHESTPAIN SUBSTERNAL LASTING LESS THAN 20 MINUTES in the INTERNIST—I system[Miller et al., 1982]. The value of this token can be only YES or NO, or perhapsUNKNOWN; apart from that, the time interval mentioned in the token has noexistence and no reasoning method can use it to infer further conclusions aboutwhat might have happened during that interval. Therefore, the INTERNIST-Iprogram cannot decide automatically that the example token might beinconsistent with CHEST PAIN SUBSTERNAL LASTING MORE THAN 20 MINUTES.Note also that, for the latter contradiction to be detected, an internalrepresentation of temporal duration of a proposition is not enough; arepresentation of the valid time of the proposition, as defined in Section 3.1.7, isnecessary too, since two mutually exclusive facts may be consistent if their validtimes are different. In an evaluation of the INTERNIST—I system, the lack oftemporal reasoning was judged to be one of the major problems leading toinaccurate diagnoses [Miller et al., 1982].A corresponding example in the MYCIN infectious-diseases diagnosis andtherapy system was a prompt question for creating correct nodes in the MYCINcontext tree (the data structure that MYCIN created while running, that storedpatient-specific data), such as �were any organisms that were significant (but nolonger require therapeutic attention) isolated within the last approximately 30days?� or �were there any other significant earlier cultures from which pathogenswere isolated?� [Buchanan and Shortliffe, 1984, pp. 120]. Again, the expectedanswer is YES or NO, and the information cannot be used further, except possibly

Chapter 3: Temporal Reasoning in Clinical Domains74for addition of a new node to the program�s context tree [Buchanan andShortliffe, 1984, pp. 118].3.2.1.1 Encapsulation of Time as Syntactic ConstructsAn approach related to the encapsulation of time as a symbolic token is thesyntactic approach of encapsulating time inside syntactic constructs. Suchconstructs denote data structures for time, but they lack any particular semantics.An example is the Arden syntax [Hripcsak et al., 1990]. The Arden syntax is ageneral procedural syntax for clinical algorithms. The Arden syntax providesdata types for time points, and might in the future include data types for timeintervals, or durations. However, it does not allow for any predefined semanticaspects that are crucial knowledge roles for methods that perform task-specifictemporal reasoning, such as for the interpretation task. Parameter temporalattributes such as ALLOWED SIGNIFICANT CHANGE, temporal properties such asDOWNWARD-HEREDITARY (see Section 3.1.6), and the semantics of temporalrelations have no place in purely syntactic approaches.3.2.2 Encapsulation of Time as Causal LinksMany knowledge-based decision-support systems in clinical domains model theunderlying fundamental relations in the domain as causal rules. These rules donot need to mention time at all, although temporal precedence is usually anecessary prerequisite for causality (but note Simon�s objection [Simon, 1991]:Sometimes more than one variable in a closed system can be considered as acause, depending on which variable can be manipulated exogenously; inaddition, causes should at least be allowed to be simultaneous with their effects).This particular encapsulation of time has been termed causal-based temporalignorance [Kahn, 1991d].Causal representations might use explicit causal links; for instance, the CASNETsystem [Weiss et al., 1978] had causal rules of the type STEROID MEDICATIONS =>INCREASED INTRAOCULAR PRESSURE. Causality also can be expressed asconditional-probability links; for instance, Pathfinder [Heckerman et al., 1992]

Chapter 3: Temporal Reasoning in Clinical Domains75includes expressions of the type P(X) = P(X|Y) * P(Y). Other options includeMarkov transition probabilities between state nodes (e.g., S1 �>p S2) and explicitfunctional relations (e.g., Y = f(X)). Qualitative-physics systems (see Section3.1.3.3) often denote an increasing monotonic relationship between X and Y asY˚=˚M+(X) [Kuipers, 1986], or Y˚�Q+˚X [Forbus, 1984]. The former notationmeans that there is some unspecified function f such that Y = f(X). The latternotation means that Y˚=˚f(...,X,...), where Y�s dependence on X is monotonicallyincreasing, if all other variables are held equal. As Forbus notes [Forbus, 1984],there is in fact little information in this dependence: The dependence saysabsolutely nothing about how X affects Y. Furthermore, except possibly forexplicit causal models, it is not clear that causality in such systems is anythingbut some functional�possibly even bidirectional�relationship between twoparameters. In any case, time is not used at all, and reasoning can progress fromstate to state or from variable to variable, without consideration for anyparticular, real-world time delays.3.2.3 Fagan�s VM Program: A State-Transition Temporal-Interpretation ModelFagan�s VM system was one of the first knowledge-based systems that includedan explicit representation for time. It was designed to assist physicians who aremanaging patients who were on ventilators in intensive-care units [Fagan, 1980;Fagan et al., 1984]. VM was designed as a rule-based system inspired by MYCIN,but it was different in several respects: VM could reason explicitly about timeunits, accept time-stamped measurements of patient parameters, and calculatetime-dependent concepts such as rates of change. In addition, VM relied on astate-transition model of different intensive-care therapeutic situations, orcontexts (in the VM case, different ventilation modes). In each context, differentexpectation rules would apply to determine what, for instance, is an ACCEPTABLEmean arterial pressure in a particular context. Except for such state-specific rules,the rest of the rules could ignore the context in which they were applied, sincethe context-specific classification rules created a context-free, �common

Chapter 3: Temporal Reasoning in Clinical Domains76denominator,� symbolic-value environment. Thus, similar values of the sameparameter that appeared in meeting intervals (e.g., IDEAL mean arterial pressure)could be joined and aggregated into longer intervals, even though the meaningof the value could be different, depending on the context in which the symbolicvalue was determined. The fact that the system changed state was inferred byspecial rules, since VM was not connected directly to the ventilator output.Another point to note is that the VM program used a classification of expirationdates of parameters, signifying for how long VM could assume the correctness ofthe parameter�s value if that value was not sampled again. The expiration datevalue was used to fill a GOOD-FOR slot in the parameter�s description. Constants(e.g., gender) are good (valid) forever, until replaced. Continuous parameters(e.g., heart rate) are good when given at their regular, expected samplingfrequency unless input data are missing or have unlikely values. Volunteeredparameters (e.g., temperature) are given at irregular intervals and are good for aparameter- and context-specific amount of time. Deduced parameters (e.g.,hyperventilation) are calculated from other parameters, and their reliabilitydepends on the reliability of these parameters.VM did not use the MYCIN certainty factors, although they were built into therules. The reason was that most of the uncertainty was modeled within thedomain-specific: Data were not believed after a long time had passed since theywere last measured; aberrant values were excluded automatically; and wide (e.g.,ACCEPTABLE) ranges were used for conclusions, thus already accounting for alarge measurement variability. Fagan notes that the lack of uncertainty in therules might occur because, in clinical contexts, physicians do not make inferencesunless the latter are strongly supported, or because the intensive-care domaintends to have measurements that have a high correlation with patient states[Fagan et al., 1984].VM could not accept data arriving out of order, such as blood-gas results thatarrive after the current context has changed, and thus could not revise pastconclusions. In that sense, VM could not create a valid historic database, as the

Chapter 3: Temporal Reasoning in Clinical Domains77R�SUM� system does (by maintaining logical dependencies among data andconclusions, and by using some of the temporal inference mechanism�sconclusions to detect inconsistencies), although it did store the last hour ofparameter measurements and all former conclusions; in that respect, VMmaintained a rollback database of measurements and conclusions (see Section3.1.7).The R�SUM� methodology is similar in some respects to the VM model. As Ishow in Chapter 5, in R�SUM�, most of the domain-specific knowledge that isrepresented in the domain�s ontology of parameters and their temporalproperties is specialized by contexts. This knowledge is used by the temporal-abstraction mechanisms. Thus, although, strictly speaking, the same domain-independent rules apply to every context, their parameters (e.g., classificationtables, maximal-gap—bridging functions) are specific to the context. However,the various classifications possible for the same parameter or a combination ofparameters in each context can be quite different (e.g., the GRADE_II value of theSYSTEMIC_TOXICITY parameter makes no sense when a patient received nocytotoxic therapy, even though the same hematological parameters might still bemonitored), and additional conditions must be specified before meeting interval-based propositions with the same value can be aggregated. The role of thecontext-forming mechanism in R�SUM� (namely, to create correct interpretationcontexts for temporal abstraction) is not unlike that of the state-detection rules inVM, although the mechanism�s operation is different and its output is moreflexible (e.g., the temporal extension of an interpretation context can have any ofAllen�s 13 temporal relations to the event or abstraction which induced it).In addition, as I explain in Sections 4.2.1 and 5.1.2, R�SUM� makes several finerdistinctions with respect to joining parameter values over different contexts:Typically, an interpretation of the same parameter in different contexts cannot bejoined to an interpretation of that parameter in different contexts. However,R�SUM� allows the developer to define unifying, or generalizing, interpretationcontexts for joining interpretations of the same parameter in different contextsover meeting time intervals (e.g., the state of the Hb parameter over two meeting

Chapter 3: Temporal Reasoning in Clinical Domains78but different treatments regimens within the same clinical protocol), andnonconvex interpretation contexts for joining interpretations of the same parameterin the same context, but over nonconsecutive time intervals (e.g., prebreakfastblood-glucose values over several days).The R�SUM� local and global maximal-gap functions extend the idea of GOOD-FOR parameter- and context-specific persistence properties. R�SUM� also doesnot use uncertainty in a direct fashion. Rather, the uncertainty is represented bydomain-specific values with predefined semantics, such as the context-specificSIGNIFICANT CHANGE value for each parameter, the local and global truth-persistence (maximal-gap) functions, and the temporal patterns that are matchedagainst the interval-based abstractions, and that usually include flexible valueand time ranges. In terms of updating outdated conclusions, the R�SUM�system is well suited for historic, valid-time updates by old data arriving out oftemporal order, a phenomenon I term updated view. This flexibility is providedby the nature of the temporal model underlying the knowledge-based temporal-abstraction method, and because a truth-maintenance system is included in theR�SUM� architecture. Thus, at any time, the R�SUM� conclusions for past andpresent data reflect the most up-to-date state of knowledge about those data.Furthermore, R�SUM� can bring knowledge from the future back in time to bearon the interpretation of the past, a phenomenon termed hindsight by Russ[1989], by using retrospective contexts, as I shall explain in Chapters 4 and 5.3.2.4 Temporal Bookkeeping: Russ� Temporal Control StructureRuss designed a system called the temporal control structure (TCS), whichsupports reasoning in time-oriented domains, by allowing the domain-specificinference procedures to ignore temporal issues, such as the particular timestamps attached to values of measured variables [Long and Russ, 1983; Russ,1986; Russ, 1989; Russ, 1991].The main emphasis in the TCS methodology is creating what Russ terms as astate abstraction [Russ, 1986]: an abstraction of continuous processes into steady-state time intervals, when all the database variables relevant for the knowledge-

Chapter 3: Temporal Reasoning in Clinical Domains79

Controlsystem

Database

Rule environment

Rule setFigure 3.4: The TCS system�s rule environment. A control system is introduced between thesystem database and the environment in which the user�s rules are being interpreted.based system�s reasoning modules are known to be fixed at some particularvalue. The state-abstraction intervals are similar to VM�s states, which were usedas triggers for VM�s context-based rules. TCS is introduced as a control-systembuffer between the database and the rule environment (Figure 3.4). The actualreasoning processes (e.g., domain-specific rules) are activated by TCS over all theintervals representing such steady states, and thus can reason even though therules do not represent time explicitly. That ignorance of time by the rules isallowed because, by definition, after the various intervals representing differentpropositions have been broken down by the control system into steady-state,homogenous subintervals, there can be no change in any of the parametersrelevant to the rule inside these subintervals, and time is no longer a factor.Figure 3.5 shows an example of a set of interval-based propositions beingpartitioned into steady-state intervals. The TCS system allows user-defined code modules that reason over thehomogenous intervals, as well as user-defined data variables that hold the datain the database. Modules define inputs and outputs for their code; Russ alsoallows for a memory variable that can transfer data from one module to asucceeding or a preceding interval module (otherwise, there can be no reasoning

Chapter 3: Temporal Reasoning in Clinical Domains80

I1I2I3I4I5ABCZInput 1:Input 2:Input 3:Output:Figure 3.5: Partitioning the database by creation of stable intervals in the TCS system. A rulesuch as IF˚A˚and˚B˚and˚C,˚THEN˚Z would be attached to all the stable components I1—I5, in whichthere is no change in premises. (Source: Adapted from [Russ, 1991, p. 34].)about change). Information variables from future processes are termed oracles;variables from the past are termed history.The TCS system creates a process for each time interval in which a module isexecuted; the process has access to only those input data that occur within thattime interval. The TCS system can chain processes using the memory variables.All process computations are considered by the TCS system as black boxes; theTCS system is responsible for applying these computations to the appropriatevariables at the appropriate time intervals, and for updating these computations,

Chapter 3: Temporal Reasoning in Clinical Domains81

Processinstance 1Processinstance 2Processinstance 3InputsOutputsOracleHistoryOracleHistoryInputsInputsOutputsOutputsFigure 3.6: A chain of processes in the TCS system. Each process has in it user-defined code, aset of predefined inputs and outputs, and memory variables connecting it to future processes(oracle variables) and to past processes (history variables). (Source: Adapted from [Russ, 1991,pp. 31—32].)should the value of any input variable change. Figure 3.6 shows a chain ofprocesses in the TCS system.The underlying temporal primitive in the TCS architecture is a time pointdenoting an exact date. Propositions are represented by point variables or byinterval variables. Intervals are created by an abstraction process [Long andRuss, 1983] that employs user-defined procedural Lisp code inside the TCSmodules to create steady-state periods, such as a period of stable blood pressure.The abstraction process and the subsequent updates are data driven. Variablescan take only a single value, which can be a complex structure; the onlyrestriction on the value is the need to provide an equality predicate.A particularly interesting feature of TCS that is relevant to the R�SUM�methodology is the truth-maintenance capability of the system�that is, theabilities to maintain dependencies among data and conclusions in every steady-state interval, and to propagate the effects of a change in past or present value ofparameters to all concerned reasoning modules. Thus, the TCS system creates ahistoric database that can be updated at arbitrary time points, in which all the

Chapter 3: Temporal Reasoning in Clinical Domains82time-stamped conclusions are valid. Another interesting property of Russ�ssystem is the ability to reason by hindsight�that is, to reassess past conclusionsbased on new, present data [Russ, 1989]. This process is performed essentially byinformation flowing through the memory variables backward in time.The R�SUM� system contains several concepts that parallel key ideas in the TCSsystem, such as maintaining dependencies between data and conclusions,allowing arbitrary historic updates, reasoning about the past and the future, andproviding a hindsight mechanism (albeit by a different methodology). In fact, theR�SUM� system also allows foresight reasoning (setting expectations for futureinterpretations based on current events and abstractions). The R�SUM� system,like the TCS system, also assumes time-stamped input, although propositions areinterpreted only over intervals.The R�SUM� system also uses the idea of context-specific interpretation, but thepartitioning of the intervals is not strictly mechanical (depending on onlyintersections of different intervals): Rather, it is driven by knowledge derivedfrom the domain�s ontology (e.g., PART-OF relations among events) as used by thecontext-forming mechanism, and contexts are thus created only whenmeaningful. In addition, on one hand, contexts can be prevented from beingjoined, even when in steady state, depending on the underlying proposition�sproperties; on the other hand, abstractions might be joined over time gaps due tothe temporal-interpolation mechanism. Furthermore, contexts can be created notonly by direct intersections of interval-based abstractions, such as the TCSpartitions, but also dynamically, induced by a task, an event, an abstraction, or acombination of any of these entities, anywhere in time in the database, withtemporal references to intervals that occur before, after, or during the inducingproposition. Thus, the R�SUM� system�s dynamic induced reference contexts(discussed in Chapters 4 and 5) implement a limited form of causality andabductive reasoning (i.e., reasoning from effects to causes), and constitute amajor part of the hindsight and foresight reasoning in the R�SUM� system.

Chapter 3: Temporal Reasoning in Clinical Domains83A major tenet of the TCS philosophy is that the system treats the user-definedreasoning modules as black boxes with which the system does not reason; theTCS system supplies only (sophisticated) temporal bookkeeping utilities. In thatrespect, it is highly reminiscent of the time specialist of Kahn and Gorry [1977] thatwas discussed in Section 3.1.2. Therefore, the TCS system is more of a temporal-maintenance system than it is a temporal-reasoning system. It has no knowledge oftemporal properties of the domain parameters; has no semantics for differenttypes of propositions, such as events or facts; and does not reason with any suchpropositions directly.The philosophy of the TCS architecture, which leaves the temporal-reasoningtask to the user�s code, contrasts with the idea underlying the R�SUM� system,whose mechanisms provide temporal-reasoning procedures specific to thetemporal-abstraction interpretation task. Furthermore, unlike the TCS system�sdomain-specific modules, implemented as arbitrary Lisp code, the R�SUM�system uses its own temporal-abstraction mechanisms that are domainindependent, but that rely on well-defined, uniformly represented domain-specific temporal-abstraction knowledge, which fits into the respective slots in themechanisms.3.2.5 Discovery in Time-Oriented Clinical Databases: Blum�s Rx ProjectRx [Blum, 1982] was a program that examined a time-oriented clinical database,and produced a set of possible causal relationships among various clinicalparameters. Rx used a discovery module for automated discovery of statisticalcorrelations in clinical databases. Then, a study module used a medicalknowledge base to rule out spurious correlations by creating and testing astatistical model of an hypothesis. Data for Rx were provided from the AmericanRheumatism Association Medical Information System (ARAMIS), a chronic-disease time-oriented database that accumulates time-stamped data aboutthousands of patients who have rheumatic diseases and who are usuallyfollowed for many years [Fries and McShane, 1986]. The ARAMIS databaseevolved from the mainframe-based Time Oriented Database (TOD) [Fries, 1972].

Chapter 3: Temporal Reasoning in Clinical Domains84Both databases incorporate a simple three-dimensional structure that records, inan entry indexed by the patient, the patient�s visit and the clinical parameter, thevalue of that parameter, if entered on that visit. The TOD was thus a historicaldatabase (see Section 3.1.7). (In practice, all measurements were entered on thesame visit; therefore, the transaction time was always equal to the valid time.)The representation of data in the Rx program included point events, such as alaboratory test, and interval events, which required an extension to TOD tosupport diseases, the duration of which was typically more than one visit. Themedical knowledge base was organized into two hierarchies: states (e.g., diseasecategories, symptoms, and findings) and actions (drugs).The Rx program determined whether interval-based complex states, such asdiseases, existed by using a hierarchical derivation tree: Event A can be definedin terms of events B1 and B2, which in turn can be derived from events C11, C12,C13 and C21, C22, and so on. When necessary, to assess the value of A, Rxtraversed the derivation tree and collected values for all A�s descendants [Blum,1982].Due to the requirements of the Rx modules�in particular, those of the studymodule�Rx sometimes had to assess the value of a clinical parameter when itwas not actually measured�a so-called latent variable. One way to estimatelatent variables was by using proxy variables that are known to be highlycorrelated with the required parameter. An example is estimating what wastermed in the Rx project the intensity of a disease during a visit when only someof the disease�s clinical manifestations have been measured. Blum [1982]mentions that he and his colleague Krains suggested a statistical method forusing proxy variables that was not implemented in the original project.The main method used to access data at time points when a value for them didnot necessarily exist used time-dependent database access functions. One suchfunction was delayed-action(variable, day, onset-delay, interpolation-days), whichreturned the assumed value of variable at onset-delay days before day, but not ifthe last visit preceded day by more than interpolation-days days. Thus, the dose of

Chapter 3: Temporal Reasoning in Clinical Domains85prednisone therapy 1 week before a certain visit was concluded on the basis ofthe dose known at the previous visit, if that previous visit was not too far in thepast. A similar delayed-effect function for states used interpolation if the gapbetween visits was not excessive. The delayed-interval function, whose variablewas an interval event, checked that no residual effects of the interval eventremained within a given carryover time interval. Other time-dependentdatabase-access functions included functions such as previous-value(variable,day), which returned the last value before day; during(variable, day), whichreturned a value of variable if day fell within an episode of variable; andrapidly_tapered(variable, slope), which returned the interval events in which thepoint event variable was decreasing at a rate greater than slope. All thesefunctions and their intelligent use were assumed to be supplied by the user.Thus, Rx could have a modicum of control over value uncertainty and persistenceuncertainty (see Section 3.1.8).In addition, to create interval events, Rx used a parameter-specific intraepisodegap to determine whether visits could be joined, and an interepisode definitionusing the medical knowledge base to define clinical circumstances under whichtwo separate intervals of the parameter could not be merged. The intraepisodegap was not dependent on clinical contexts or on other parameters.The R�SUM� system, although its goal is far from that of discovering causalrelations, develops several concepts whose early form can be found in the Rxproject. The domain ontology contains parameters and events, and can be seen asan extension of the states and actions in the Rx medical knowledge base. TheR�SUM� parameters� abstraction hierarchy used for the various classification andcomputational-transformation subtasks (in particular, the IS-A and ABSTRACTED-INTO links), and its qualitative relations (such as �positively proportional�)constitute an extension of the Rx derivation trees. The context ontology and theindexing of abstractions by contexts enables retrieval of abstractions thatoccurred within certain contexts, not unlike the Rx during function. As I show inSection 4.2.1, the dynamic induction relations of interpretation contexts, that areinduced by various propositions involving parameters and events, create a

Chapter 3: Temporal Reasoning in Clinical Domains86context envelope (backwards and forwards in time) around an event or aparameter abstraction. Interpretation contexts might be induced whose temporalspan is disjoint from the inducing proposition. Thus, one of the several uses ofinterpretation contexts and relations is for purposes similar to those for which theRx delayed-effect function is used.As I show in Section 4.2.4.1, the global maximal-gap persistence functions are usedby the temporal-interpolation mechanism in R�SUM� to join disjoint interval-based abstractions of any type, not unlike the Rx intraepisode gaps, but in acontext-specific manner and using additional arguments. The abstractionproposition types (see Section 3.1.6), such as whether a proposition type isCONCATENABLE, are used by R�SUM� in a more generalized manner. They play,among others, the role of the interepisode definition in Rx that prevents intervalevents from being merged.3.2.6 Downs� Program for Summarization of On-Line Medical RecordsDowns designed a program whose purpose (unlike those of the VM and Rxsystems) was specifically to automate the summarization of on-line medicalrecords [Downs et al., 1986a; Downs, 1986b]. The database that Downs used, likeRx, was drawn from the Stanford portion of the time-oriented ARAMIS database.The knowledge base of Downs� program contained two classes:ABNORMAL.ATTRIBUTES, which included abnormal findings such as PROTEINURIA(i.e., any positive value for the URINE-PROTEIN database attribute), andDERIVED.ATTRIBUTES, which included diseases that the system might potentiallyinfer from the database, such as NEPHROTIC.SYNDROM (Figure 3.7).Each ABNORMAL.ATTRIBUTE parameter pointed to a list of DERIVED.ATTRIBUTESthat should be considered if the value of the parameter were true. When anABNORMAL.ATTRIBUTE parameter was detected, and the system looked forevidence in the database for and against each hypothesis derived from thatparameter, this list was used as the differential diagnosis. This combination of

Chapter 3: Temporal Reasoning in Clinical Domains87

ATTRIBUTES

DERIVED.ATTRIBUTESABNORMAL.ATTRIBUTES

GLOMERULONEPHRITISNEPHROTIC.SYNDROMEUTI

ACUTE.RENAL.FAILURECHRONIC.RENAL.FAILUREAZOTEMIAHEMATURIAHIGH.CHOLESTEROLHIGH.CREATININEPROTEINURIAPYURIAFigure 3.7: The knowledge base of Downs� summarization program. Attributes are classified aseither abnormal findings (A B N O R M A L .A T T R I B U T E S ) or as disease hypotheses(DERIVED.ATTRIBUTES). (Source: adapted from [Downs, 1986, p. 7].)data-driven hypothesis generation followed by discrimination among competinghypotheses is known as the hypothetico-deductive method, and is akin to thecover-and-differentiate diagnostic problem-solving method [Eshelman, 1988]mentioned in Chapter 2. Down�s system combined the evidence for thehypothesis using Bayesian techniques, starting with an initial prior likelihoodratio and updating the likelihood ratio with every relevant datum. Part of theevidence was the result returned by temporal predicates that looked at low-leveldata (e.g., �the last five creatinine values were all above 2.0�).Downs� program represented its conclusions using a graphic, interactiveinterface for presenting levels of likelihood of DERIVED.ATTRIBUTES and forgenerating appropriate explanations for these likelihood values, when the userselected an attribute box, using a mouse, from an active screen area [Downs,1986b].

Chapter 3: Temporal Reasoning in Clinical Domains88Downs� system was novel in its application of probabilistic methods to the taskof summarizing patient records. It was also innovative in its graphic userinterface.Downs� program, however, assumed that DERIVED.ATTRIBUTES did not changefrom visit to visit, which was unrealistic, as Downs himself pointed out [Downs,1986b]. Furthermore, there was no clear distinction between general, staticmedical knowledge and dynamic, patient-specific medical data. Several of theseissues�in particular, the persistence assumption, were the focus of de Zegher-Geets� program, IDEFIX, discussed in Section 3.2.7.The issues of both knowledge representation and the persistence of data raisedby Downs� program are treated in great detail by the R�SUM� system�stemporal-abstraction mechanisms. These mechanisms rely on knowledge that isrepresented as an ontology; this ontology represents explicitly, amongst otherknowledge types, local and global persistence knowledge.3.2.7 De Zegher-Geets� IDEFIX Program for Medical-Record SummarizationDe Zegher Geets� IDEFIX progam [de Zegher-Geets, 1987; de Zegher-Geets et al.,1987; de Zegher-Geets et al., 1988], had goals similar to those of Downs�program�namely, to create an intelligent summary of the patient�s currentstatus, using an electronic medical record�and its design was influenced greatlyby Downs� program. IDEFIX also used the ARAMIS project�s database (inparticular, for patients who had systemic lupus erythematosus [SLE]). LikeDowns� program, IDEFIX updated the disease likelihood by using essentially aBayesian odds-update function. IDEFIX used probabilities that were taken froma probabilistic interpretation of the INTERNIST-I [Miller et al., 1982] knowledgebase, based on Heckerman�s work [Heckerman and Miller, 1986]. However,IDEFIX dealt with some of the limitations of Downs� program mentioned inSection 3.2.6., such as the assumption of infinite persistence of the same abnormalattributes, and the merging of static, general, and dynamic, patient-specific,medical knowledge. IDEFIX also presented an approach for solving a problemclosely related to the persistence problem�namely, that older data should be

Chapter 3: Temporal Reasoning in Clinical Domains89used, but should not have the same weight for concluding higher-level conceptsas do new data. In addition, Downs� program assumed that abnormal attributeseither contributed their full weight to diagnosing a derived attribute, or were notused; IDEFIX used weighted severity functions, which computed the severity ofthe manifestations (given clinical cut-off ranges) and then the severity of the stateor disease by a linear-combination weighting scheme. (Temporal evidence,however, had no influence on the total severity of the abnormal state [de Zegher-Geets, 1987, p. 56]). Use of clinical, rather than purely statistical, severitymeasures improved the performance of the system�the derived conclusionswere closer to those of human expert physicians looking at the same data [deZegher-Geets, 1987].The IDEFIX medical knowledge ontology included abnormal primary attributes(APAs), such as the presence of protein in the urine; abnormal states, such asnephrotic syndrome; and diseases, such as SLE-related nephritis. APAs werederived directly from ARAMIS attribute values. IDEFIX inferred abnormal statesfrom APAs; these states were essentially an intermediate-level diagnosis. Fromabnormal states and APAs, IDEFIX derived and weighted evidence to deduce thelikelihood and severity of diseases, which were higher-level abnormal states witha common etiology [de Zegher-Geets, 1987]. IDEFIX used two strategies. First, itused a goal-directed strategy, in which the program sought to explain the givenAPAs and states and their severity using the list of known complications of thecurrent disease (e.g., SLE). Then, it used a data-driven strategy, in which thesystem tried to explain the remaining, unexplained APAs using a cover-and-differentiate approach using odds-likelihood ratios, similar to Downs� program.De Zegher-Geets added a novel improvement to Downs� program by using time-oriented probabilistic functions (TOPFs). A TOPF was a function that returnedthe conditional probability of a disease D given a manifestation M, P(D|M), as afunction of a time interval, if such a time interval was found. The time intervalcould be the time since M was last known to be true, or the time since M startedto be true, or any other expression returning a time interval. Figure 3.8 shows aTOPF for the conditional probability that a patient with SLE has a renal

Chapter 3: Temporal Reasoning in Clinical Domains90Time since apparition of SLEProbabilityof LupusNephritis.06365.5

xy1Figure 3.8: A time-oriented probabilistic function (TOPF) associated with the predicate �previousepisode of lupus nephritis.� The function returns, within a particular predefined time range, theconditional probability y of lupus nephritis, given that the patient has systemic lupuserythematosus (SLE), as a function of the temporal interval x (measured in days, in this case)since the last lupus nephritis episode. In this case the TOPF is a logarithmic one. (Source:adapted from [de Zegher-Geets, 1987, p. 42].)complication (lupus nephritis) as time passes from the last known episode oflupus nephritis. A temporal predicate that used the same syntax as did Downs�temporal predicates, but which could represent higher-level concepts, was usedto express the temporal interval for which IDEFIX looked. For instance,PREVIOUS.ADJACENT.EPISODE (LUPUS.NEPHRITIS) looked for the time since the lastepisode of lupus nephritis. Thus, as time progressed, the strength of the(probabilistic) connection between the disease and the manifestation could be changed ina predefined way. For instance, as SLE progressed in time, the probability of acomplication such as lupus nephritis increased as a logarithmic function (seeFigure 3.8). TOPFs were one of four functions: linear increasing, exponential

Chapter 3: Temporal Reasoning in Clinical Domains91decreasing, exponential increasing and logarithmic. Thus, only the type andcoefficients of the function had to be given, simplifying the knowledgerepresentation.Note that TOPFs were used to compute only positive evidence; negative evidencelikelihood ratios were constant, which might be unrealistic in many domains.The derivation of diseases was theoretically based on derived states, but inpractice depended on APAs and states. In addition, TOPFs did not depend onthe context in which they were used (e.g., the patient is also receiving a certaintherapy) or on the value of the manifestation (e.g., the severity of the last lupus-nephritis episode). TOPFs were not dependent on the length of time for whichthe manifestation was true (i.e., for how long did the manifestation, such as thepresence of lupus nephritis, exist).TOPFs included an implicit strong assumption of conditional independence amongrelated diseases and findings (some of which was alleviated by groupingtogether of related findings as disjunctions). Knowledge about APAs includedan expected time of validity attribute, but it was also, like TOPFs, independent ofthe clinical context.Also note that the goal of the IDEFIX reasoning module was to explain, for aparticular patient visit, the various manifestations for that visit, taking as certainall previous data. Unlike the goal of the R�SUM� system, there was no explicitintention of creating interval-based abstractions, such as �a 6-month episode oflupus nephritis� for the purposes of enabling queries by a physician or byanother program; such conclusions were apparently left to the physician who,using the graphic display module, looked at all the visits.4 Therefore, suchintervals were not used explicitly by the reasoning module.

4In fact, the graphic module originally assumed infinite persistence of states, and concatenatedautomatically adjacent state or disease intervals, regardless of the expected duration of each state;it was modified by the introducion of an expected-length attribute that was used only for displaypurposes [de Zegher-Geets, 1987, page 77].

Chapter 3: Temporal Reasoning in Clinical Domains92The R�SUM� system uses several key ideas that are comparable to thoseintroduced in IDEFIX. The domain�s clinical ontology of parameters and events,as it is mapped into the R�SUM� system�s internal ontology (i.e., the knowledgestructures assumed by the knowledge-based temporal-abstraction method),resembles the IDEFIX medical knowledge base of APAs, states, diseases, anddrugs.The IDEFIX severity scores and the cut-off ranges used to compute them fromAPAs are a private case of a range-classification function in R�SUM�, which isused to abstract parameters (at any level of abstraction) into the correspondingvalue of their state abstractions. The contemporaneous abstraction knowledge,which is used by R�SUM� to combine values of several parameters that occur atthe same time into the value of a higher-level concept, includes the particularcase of a linear weighting scheme as used by IDEFIX to combine severity scores.As does IDEFIX, R�SUM� uses only clinically meaningful ranges andcombinations, taken from the domain�s ontology.The local persistence functions used by R�SUM� are an extension of validity timesand TOPFs, but R�SUM�s persistence functions use the value of the clinicalparameter, the clinical context, and the length of time the value was alreadyknown; their conclusions pertain not only to the present or future, but also to thepast (before the conclusion or measurement was known). Unlike TOPFs, globalmaximal-gap functions and the dynamically induced interpretation contexts inR�SUM� denote not the strength of a probabilistic connection, such as between adisease and its complications, but rather the notion of persistence of certainpredicates forward and backward in time. In one sense, however, thesepersistence functions extend the TOPF notion, by looking at relevant states bothbefore and after the potentially missing one, and by using interval-basedabstractions of states, rather than just single visits.Unlike the probabilistic conclusions of IDEFIX, the final conclusions of R�SUM�do not express levels of uncertainty in the state concluded�partially due to oneof the main reasons for solving the temporal-abstraction task in clinical domains

Chapter 3: Temporal Reasoning in Clinical Domains93(that of supporting a guideline-based therapy planner in the given domain, aplanner that requires identification of discrete states), and partially due to theimplicit uncertainty expressed by the temporal patterns themselves.3.2.8 Rucker�s HyperLipid SystemRucker [Rucker et al., 1990] implemented an advisory system, HyperLipid, thatsupports management of patients who have elevated cholesterol levels, byimplementing the clinical algorithm implicit in the recommendations of theexpert panel for the 1988 national institutes of health (NIH) cholesteroleducation program [1988]. HyperLipid was implemented with an expert systemshell that has object-oriented programming capabilities (Nexpert Object) and asimple flat-text database format. Patient visits were modeled as point-basedobjects called events; administration of drugs was modeled as therapy objectswhose attributes included a time interval. Various events and therapies weregrouped into phases. Phases were a high-level abstraction inspired by the NIHclinical algorithm, which uses different rules for different phases of the overalltherapy plan. The events, therapies, and phases were connected through theobjects by a temporal network. HyperLipid sent input to the temporal networkby using the rule syntax of Nexpert, and extracted output from the network byoperators of a C-based query language, such as computing an average cholesterollevel.The HyperLipid system was a domain-specific implementation of a particularclinical protocol that represented only lipid-measurement values, and did nothave any general, albeit task-specific, temporal semantics. However, it diddemonstrate the advantages of an object-oriented temporal network coupledwith an external database. The R�SUM� system�s architecture (Chapter 5) hasseveral similar conceptual similarities, although it is a domain-independentproblem solver, specific only for the task of temporal abstraction.

Chapter 3: Temporal Reasoning in Clinical Domains943.2.9 Qualitative and Quantitative SimulationAn approach different from purely symbolic AI systems has been taken byseveral programs whose goal is to simulate parts of the human body�sphysiology for clinical purposes. In these approaches, time is usually anindependent, continuous variable in equations describing the behavior of othervariables.3.2.9.1 The Digitalis-Therapy AdvisorThe digitalis-therapy advisor was developed at MIT [Silverman, 1975; Swartout,1977]. The goal of the program was to assist physicians in administeringeffectively the drug digitalis, which is often used in cardiology, but hasconsiderable potential side effects. The program combined an underlyingnumeric model, which simulates the effects of an initial loading dose of digitalisand of the drug�s metabolism in the body, with a symbolic model that assessestherapeutic and drug-toxicity conditions. The symbolic model can deducepatient states, change certain parameters, and call on the numeric model whenthe context is appropriate. I shall discuss at length the issues inherent in the useof combined models when I analyze the hybrid architecture underlying Kahn�sTOPAZ system in Section 3.2.10; in that section I compare some of TOPAZ�sfeatures to the R�SUM� system�s implementation. The digitalis-therapy advisorwas an early example of a hybrid system.3.2.9.2 The Heart-Failure ProgramThe heart-failure (HF) system [Long, 1983; Long et al., 1986] is a programintended to simulate global changes in the cardiovascular system brought aboutby external agents, such as drugs with several well-defined local effects (e.g., onheart rate). The HF program includes a model of the cardiovascular system[Long et al., 1986]. The model represents both qualitative and quantitative causaland physiologic relations among cardiovascular parameters, such as betweenheart rate and heart-muscle oxygen consumption. The causal qualitativerepresentation includes explicit temporal constraints between causes and effects,

Chapter 3: Temporal Reasoning in Clinical Domains95such as the time over which a cause must persist to bring about its effect, and thetime range for an effect to end after its cause ends [Long, 1983]. The developersassume that causes and effects must overlap (i.e., the cause cannot end before itseffect starts), and that, once it has started, causation continues until there is achange in the cause or in the corrective influences, such as external fluid intake[Long, 1983]. The key assumptions underlying the HF model are that (1) thecardiovascular system is inherently stable, and tends to go from steady state tosteady state; and (2) the relationships among system parameters can be modeledas piece-wise linear [Long et al. 1986]. The developers assume also that thecardiovascular system starts in a steady state and is perturbed by the simulatedinfluence until it settles back into a steady state. The model was geared towardclinical interpretations, unlike purely physiological models, so as to approximatemore closely the thinking of cardiologists.The model representing causal relations as temporal constraints allowsinteresting temporal abductive reasoning (i.e., from effects to possible causes), inaddition to deductive reasoning (i.e., from causes to their known effects). Forinstance, given that high blood volume is a cause of edema, and that no othercause is known, the presence of edema would induce the conclusion of a highblood volume starting at (at least) a predefined amount of time before the edemastarted [Long, 1983]. The HF quantitative simulation system uses techniquesfrom signal-flow analysis for propagating changes [Long et al., 1986]; thesetechniques can handle well the negative-feedback loops common in thecardiovascular domain. The HF program predicted consistently the overalleffects of several drugs with well-known local effects [Long et al., 1986].The temporal model used in the HF program has a limited amount ofuncertainty: The causal links can be either definite or possible, for either causingstates or stopping them [Long, 1983]. The HF program is, due to its goals, highlyspecific to the cardiology domain (and to only one area in that domain). I shallelaborate more on the issues that face model-based simulation, diagnosis, andtherapy in the context of describing Kahn�s TOPAZ system, in Section 3.2.10.

Chapter 3: Temporal Reasoning in Clinical Domains96Although the R�SUM� system does not use any simulation model or aconstraint-propagation network model for maintaining temporal relationsbetween causes and effects, it has several features comparable to those in the HFprogram. The knowledge-based temporal-abstraction method contains a context-forming mechanism, whose retrospective and prospective dynamicinterpretation contexts, induced by events or by abstractions, resemble in part theabductive and deductive reasoning modes, respectively, in the HF program. Inaddition, the R�SUM� truth-maintenance system propagates any changes,caused by external data updates to past or present information, to all theinterpretation contexts and the concluded abstractions. Finally, the R�SUM�model includes simple, declarative, qualitative (although not quantitative, unlikethe HF program) dependencies between every concept and the concepts fromwhich it is abstracted. These qualitative dependencies assist the R�SUM� systemin detecting complex trends, such as trends abstracted from multiple parameters(see Section 4.2.4).3.2.10 Kahn�s TOPAZ System: An Integrated Interpretation ModelKahn [1988] has suggested using more than one temporal model to exploit thefull power of different formalisms of representing medical knowledge. Kahn[1991a, 1991c] has implemented a temporal-data summarization program,TOPAZ, based on three temporal models (see Figure 3.9):1. A numeric model represented quantitatively the underlying processes,such as bone-marrow responses to certain drugs, and their expectedinfluence on the patient�s granulocyte counts. The numeric model wasbased on differential equations expressing relations among hiddenpatient-specific parameters assumed by the model, and measuredfindings. When the system processed the initial data, the modelrepresented a prototypical-patient model and contained general, population-based parameters. That model was specialized for a particular patient�thus turning it into an atemporal patient-specific model�by addition ofdetails such as the patient�s weight. Finally, the parameters in the

Chapter 3: Temporal Reasoning in Clinical Domains97

Numeric model:Model FittingEstimates patient-specificmodel-parameter valuesand model predictions,based on time-orderedclinical observations.Symbolic interval-based model:Interval abstractionCombines intervals of"interesting" deviationfrom expectation.Symbolic state-based model:Problem-based text generationConverts internal structuresinto the domain language.ObservationsWBC: 12.9 9.2 13 3.4 2.1Nitrogenmustard: 11 11 11 8ImplicationsAbstractionsMarrowmass: 1.9 1.9 1.0 .7 .5

Drug effect elevatedSummarizationsThis patient had increaseddrug effect, which led toincreased myelosuppressionand lower-than-expected WBCcounts.

Figure 3.9: Summarization of time-ordered data in the TOPAZ system. Three steps were taken:(1) estimation of system-specific model features from observations, using the numeric model, (2)aggregation of periods in which model predictions deviate significantly from systemobservations, using the symbolic interval-based model, and (3) generation of text by presentationof �interesting� abstractions in the domain�s language, using the symbolic state-based model.(Source: modified from [Kahn, 1988, pp. 16 and 118]).

Chapter 3: Temporal Reasoning in Clinical Domains98atemporal patient-specific model were adjusted to fit actual patient-specificdata that accumulate over time (such as response to previous therapy),turning the model into a patient-specific temporal model [Kahn, 1988].2. A symbolic interval-based model aggregated intervals that were clinicallyinteresting in the sense that they violated expectations. The modelencoded abstractions as a hierarchy of symbolic intervals. The symbolicmodel created these intervals by comparing population-based modelpredictions to patient-specific predictions (to detect surprisingobservations), by comparing population-based model parameters topatient-specific parameter estimates (for explanation purposes), or bycomparing actual patient observations to the expected patient-specificpredictions (for purposes of critiquing the numeric model). Theabstraction step was implemented by context-specific rules.3. A symbolic state-based model generated text paragraphs that used thedomain�s language, from the interval-based abstractions, using arepresentation based on augmented transition networks (ATNs). AnATN is an enhanced, hierarchical version of a finite-state automaton,which moves from state to state based on the input to the current state.An arc leading from state to state can contain actions to be executed whenthe arc is traversed. The ATNs encoded the possible summary statementsas a network of potential interesting states. The state model transformedinterval-based abstractions into text paragraphs.In addition, Kahn [1991b] designed a temporal-maintenance system, TNET, tomaintain relationships among intervals in related contexts and an associatedtemporal query language, TQuery [1991d]. TNET and TQuery were used in thecontext of the ONCOCIN project [Tu et al., 1989] to assist physicians who weretreating cancer patients enrolled in experimental clinical protocols. The TNETsystem was extended to the ETNET system , which was used in the TOPAZsystem. ETNET [Kahn, 1991b] extended the temporal-representation capabilitiesof TNET while simplifying the latter�s structure. In addition, ETNET had the

Chapter 3: Temporal Reasoning in Clinical Domains99ability to associate interpretation methods with ETNET intervals; such intervalsrepresented contexts of interest, such as a period of lower-than-expectedgranulocyte counts. ETNET was not only a temporal-reasoning system, but also aflexible temporal-maintenance system. Kahn noted, however, that ETNET couldnot replace a database-management system, and suggested implementing it ontop of one [Kahn, 1988].TOPAZ used different formalisms to represent different aspects of the complexinterpretation task. In that respect, it was similar to the HF program and to thedigitalis therapy advisor. TOPAZ represents a landmark attempt to create ahybrid interpretation system for time-oriented data, comprising three different,integrated, temporal models.The numeric model used for representation of the prototypical (population-based) patient model, for generation of the atemporal patient-specific model, andfor fitting the calculated parameters with the observed time-stampedobservations (thus adjusting the model to a temporal patient-specific model), wasa complex one. It was also was highly dependent on the domain and on the taskat hand. In particular, the developer created a complex model just for predictingone parameter (granulocytes) by modeling one anatomical site (the bone marrow)for patients who had one disease (Hodgkin�s lymphoma) and who were receivingtreatment by one particular form of chemotherapy (MOPP, a clinical protocol thatadministers nitrogen mustard, vincristine, procarbazine, and prednisone). Evengiven these considerable restrictions, the model encoded multiple simplifications.For instance, all the drugs were combined into a pseudodrug to represent moresimply a combined myelosupressive (bone-marrow—toxicity) effect. The modelrepresents the decay of the drug�s effect, rather than the decay of the actual drugmetabolites [Kahn, 1988]. This modeling simplification was introduced becausethe two main drugs specifically toxic to the bone-marrow target organ hadsimilar myelosuppressive effects. As Kahn notes, this assumption might not beappropriate even for other MOPP toxicity types for the same patients and thesame protocols; it certainly might not hold for other cancer-therapy protocols, orin other protocol-therapy domains [Kahn, 1988, p. 143]. In fact, it is not clear how

Chapter 3: Temporal Reasoning in Clinical Domains100we would adjust the model to fit even the rather related domain of treatment ofchronic GVHD patients (see Section 1.1). Chronic GVHD patients suffer fromsimilar�but not quite the same�effects due to myelosuppressive drug therapy,as well as from multiple-organ (e.g., skin and liver) involvement due to thechronic GVHD disease itself; such effects might complicate the interpretation ofother drug toxicities.In addition, many clinical domains seem to defy complete numeric modeling.For instance, the domain of monitoring children�s growth. Similarly, in manyother clinical domains, the parameter associations are well known, but theunderlying physiology and pathology are little or incompletely understood, andcannot be modeled with any reasonable accuracy.Even if a designer does embark on modeling, it not obvious when she should stopmodeling. Kahn [1988] cites examples in which adding another component to hisbone-marrow compartment model, thereby apparently improving it, generatedintolerable instability. Similar effects were introduced when the model wasadjusted to rely on more recent laboratory results, thus downplaying the weightof old data. Another disturbing issue was that spurious results can have asignificant affect in the wrong direction on such a model, but if the model-fittingprocedure is built so as to ignore aberrant data until a clear pattern is established,the fitting procedure might not be able to detect changes in the patient-specificparameters themselves�that is, changes in the underlying model. Failing todetect a changing patient model might be problematic if we were to relycompletely on the model in data-poor domains, such as for the task of managingpatients enrolled in clinical protocols, in which measurements are takenapproximately each week or each month. The problem would be even moreserious in the domain of monitoring children�s growth, where measurementsoften include just three or four data points, taken at 1- to 3-year intervals.Yet another issue in fitting data to a model is the credit-assignment problem:Just which parameter should be corrected when the model does not fit theobservations? If, in fact, the responsible parameter is not included in the model,

Chapter 3: Temporal Reasoning in Clinical Domains101the model�s parameters might be adjusted erroneously to fit the particular dataup to the present time, actually reducing the model�s predictive abilities.TOPAZ used the patient-specific predictions, not the actual observed data, forcomparisons to the expected population data. The reason for this choice was thatdata produced for patient-specific predictions (assuming a correct, complete,patient-specific model) should be smoother than actual data and should containfewer spurious values. However, using predictions rather than observed datamight make it more difficult to detect changes in patient parameters.Furthermore, the calculated, patient-specific expected values do not appear in thegenerated summary and therefore would not be saved in the patient�s medicalrecord. It is therefore difficult to produce an explanation to a physician whomight want a justification for the system�s conclusions, at least without a highlysophisticated text-generating module.The ETNET system was highly expressive and flexible. It depended, however,on a model of unambiguous time-stamped observations. This assumption alsowas made in Russ� TCS system and in the R�SUM� system (at least as far as theinput, as opposed to the interpretation, is concerned). In addition, TOPAZ didnot handle well vertical (value) or horizontal (temporal) uncertainty, and, asKahn remarks, it is in general difficult to apply statistical techniques to data-poordomains.The ETNET algorithm, which depended on the given search dates being withinthe context-interval containing the context-specific rule, could not detect eventsthat were contextually dependent on a parent event, but were either disjoint fromthat event (beginning after the causing event) or even partially overlapping withit [Kahn, 1988]. As I show in Chapters 4 and 5, this problem is solvedautomatically in the R�SUM� architecture by the inclusion in the domain modelof dynamic induction relations of context intervals . Using dynamic inductionrelations, context intervals are created anywhere in the past or future in responseto the appearance of an inducing event, an abstraction, an abstraction goal, or acombination of several contemporaneous context intervals that are part of a

Chapter 3: Temporal Reasoning in Clinical Domains102SUBCONTEXT semantic relation in the domain�s theory. Context intervalsrepresent a particular context for interpretation during a certain time interval,and trigger within their temporal span the necessary abstraction rules. Theserules are independent of the domain, and are parameterized by domain-specifictemporal-abstraction knowledge. Thus, the abstraction rules in R�SUM� (withinthe temporal-abstraction mechanisms) are not attached to any particularinterpretation context. Temporal properties of domain-specific parameters arespecialized by different interpretation contexts (in the domain�s ontology). Theseproperties are accessed using the relevant interpretation context(s); more thanone such context might be in effect during the temporal span of interest.Nevertheless, the idea of having context-specific rules, even if in only an abstractsense, as it is used in R�SUM�, certainly bears resemblance to that concept asexpressed in VM and TOPAZ. Interpretation contexts, like the TOPAZ ETNETcontext nodes, limit the scope of inference, making it easier to match patternswithin their scope, to store conclusions, and to block the application ofinappropriate inference procedures (e.g., rules appropriate for otherinterpretation contexts).3.2.11 Kohane�s Temporal-Utilities Package (TUP)Kohane [1986; 1987] has written the general-purpose temporal-utilities package(TUP) for representing qualitative and quantitative relations among temporalintervals, and for maintaining and propagating the constraints posed by theserelations through a constraint network of temporal (or any other) intervals. Theuse of constraint networks is a general technique for representing andmaintaining a set of objects (called the nodes of the network) such that, betweenat least some pairs of nodes, there are links (known as arcs) which represent arelation that must hold between the two nodes. Updating a constraint networkby setting the values of certain nodes or arcs to be fixed propagates the changesto all the other nodes and arcs.

Chapter 3: Temporal Reasoning in Clinical Domains103Kohane’s goal was mainly to represent and reason about the complex, sometimesvague, relations found in clinical medicine, such as "the onset of jaundice followsthe symptom of nausea within 3 to 5 weeks but before the enzyme-levelelevation." When such relations exist, it might be best not to force the patient orthe physician to provide the decision-support system with accurate,unambiguous time-stamped data. Instead, it may be useful to store the relation,and to update it when more information becomes available. Thus, a relationsuch as "2 to 4 weeks after the onset of jaundice" might be updated to "3 to 4weeks after the onset of jaundice" when other constraints are considered or whenadditional data, such as enzyme levels, became available. Such a strategy is atleast a partial solution to the issue of horizontal (temporal) uncertainty in clinicaldomains, in which vague patient histories and unclear disease evolution patternsare common.The TUP system used a point-based temporal ontology. Intervals wererepresented implicitly by the relations between their start points and end points,or by the relations between these points and points belonging to other intervals.These relations were called range relations(RRELs). A simplified structure of anRREL is shown in Figure 3.10.Essentially, Kohane had implemented a point-based strategy for representingsome of Allen’s interval-based relations that were discussed in Section 3.1.4�namely, those that can be expressed solely by constraints between two points.(RREL<first-point specification> <second-point specification><lower-bound distance> <upper-bound distance><context>)Figure 3.10: A range relation (RREL). The RREL constrains the temporal distance between twopoints to be between the given lower bound and the upper bound in a certain context. (Source:modified from [Kohane, 1987, p. 17].)

Chapter 3: Temporal Reasoning in Clinical Domains104For instance, to specify that interval A precedes interval B, it is sufficient tomaintain the constraint that "the end of A is between +INFINITY and +e before thestart of B." This more restricted set of relations is the one discussed by Villainand Kautz [Villain and Kautz, 1986; Villain et al., 1989], who were mentioned inSection 3.1.4 as showing that the full Allen interval algebra is computationallyincomplete (in tractable time). The point-based, restricted temporal logicsuggested by Villain and Kautz is computationally sound and complete inpolynomial time, since point-based constraints can be propagated efficientlythrough the arcs of the constraint network. However, such a restricted logiccannot capture disjunctions of the type "interval A is either before or after intervalB,� since no equivalent set of constraints expressed as conjunctions using the endpoints of A and B can express such a relation. Whether such relations are neededoften, if at all, in clinical medicine is debatable. I mentioned in Section 3.1.5 thatvan Beek formulated a similar restricted algebra (SIA) and implemented severalpolynomial algorithms for it [van Beek, 1991]. SIA is based on equality andinequality relations between points representing interval end points, anddisallows only the strict inequality relation. Using van Beek’s SIA algebra andassociated algorithms, we can refer queries to a system of intervals such as ismanaged by Kahn’s TNET temporal-management system, and get answers inpolynomial time to questions such as, "Is it necessarily true that the patient had acycle of chemotherapy that overlapped a cycle of radiotherapy?" Van Beekclaimed that his limited interaction with physician experts suggested that manydomains do not, in fact, need more than the SIA algebra to express temporalrelations [van Beek, 1991]. This simplification, of course, results in considerabletime and space savings, and ensures the user of soundness and completeness inconclusions involving temporal relations.Kohane tested the TUP system by designing a simple medical expert system,temporal-hypothesis reasoning in patient history (THRIPHT). The THRIPHTsystem accepted data in the form of RRELs and propagated newly computedupper and lower bounds on temporal distances throughout the TUP-basednetwork. The diagnostic, rule-based algorithm (in the domain of hepatitis)

Chapter 3: Temporal Reasoning in Clinical Domains105waited until all constraints were propagated, and then queried the TUP systemusing temporal predicates such as, "Did the patient use drugs within the past 7months, starting as least 2 months before the onset of jaundice?" [Kohane, 1987].The THRIPHT system used the hierarchical diagnostic structure of the MDXdiagnostic system [Chandrasekaran and Mittal, 1983] to limit the contexts inwhich it looked for evidence for specific hypotheses. (MDX was an ontology ofdiseases designed for the use of a generic classification problem-solving method[see Section 2.1].)3.2.12 Haimowitz�s and Kohane�s TrenDx SystemA recent system, demonstrating initial encouraging results, is Haimovitz’s andKohane�s TrenDx temporal pattern-matching system [Haimowitz and Kohane,1992; Haimowitz and Kohane, 1993a, 1993b; Kohane and Haimowitz, 1993;Haimowitz, 1994]. The goals of TrenDx do not emphasize the acquisition,maintenance, reuse, or sharing of knowledge. Moreover, TrenDx does not aim toanswer temporal queries about clinical databases. Instead, it focuses on usingefficient general methods for representing and detecting predefined temporalpatterns in raw time-stamped data.The TrenDx system uses Kohane�s TUP constraint-network utilities (see Section3.2.11) to maintain constraints that are defined by temporal trend templates(TTs). TTs describe typical clinical temporal patterns, such as normal growthdevelopment, or specific types of patterns known to be associated withfunctional states or disease states, by representing these patterns as horizontal(temporal) and vertical (measurement) constraints. The TrenDx system has beendeveloped mainly within the domain of pediatric growth monitoring, althoughhypothetical examples from other domains have been presented to demonstrateits more general potential [Haimowitz and Kohane, 1993a, 1993b].A typical TT representing the expected growth of a normal male child is shownin Figure 3.11. The growth TT declares several predefined events, such asPUBERTY ONSET; these events are constrained to occur within a predefined

Chapter 3: Temporal Reasoning in Clinical Domains106

0231013

Age (years)Wt Z-scoreHt Z-scoreHt Z score - Wt Z scoreEstablish centilesBirthPuberty onsetPrepuberty

Figure 3.11: A portion of a trend template (TT) in TrenDx that describes the male average normalgrowth as a set of functional and interval-based constraints. All Z scores are for the averagepopulation. The Birth landmark, assumed to denote time 0, is followed by an uncertain period of2 to 3 years in which the child�s growth percentiles are established, and in which the differencebetween the Ht Z score and the Wt Z score are constrained to be constant. During an uncertainperiod of prepuberty ending in the puberty onset landmark sometime between the age of 10 and13, the Ht Z score and the Wt Z score are both constrained to be constant.

= landmark ortransition point;

= constant value indicator; Ht = height; Wt = weight; Z score indicatesnumber of standard deviations from the mean. (Source: adapted from [Haimowitz, 1994, p. 45]).temporal range: For instance, PUBERTY ONSET must occur within 10 to 15 yearsafter birth. Within that temporal range, height should vary only by –d.In general, a TT has a set of value constraints of the form m £ f(D) £ M, where mand M are the minimum and maximum values of the function f defined over themeasurable parameters D in the temporal range of the interval.TrenDx has the ability to match partial patterns by maintaining an agenda ofcandidate patterns that possibly match an evolving pattern. Thus, even if TrenDxgets only one point as input, it might (at least in theory) still be able to return afew possible patterns as output. As more data points are known, the list ofpotential matching patterns and their particular instantiation in the data is

Chapter 3: Temporal Reasoning in Clinical Domains107modified. This continuous pattern-matching process might be considered a goal-directed approach to pattern matching, contrasting with the R�SUM� approachof first generating meaningful basic abstractions (that were considered importantby the expert for the particular context in question), then using a simpler pattern-matching mechanism to retrieve arbitrary patterns.TrenDx has been tested in a clinical trial on a small number of patients; itsconclusions agreed partially with a three-expert panel on the appropriatediagnosis [Haimovitz and Kohane, 1993a].The design of the TrenDx system is quite different from that of other systemsdescribed in this chapter, reflecting different goals. TrenDx does not have aknowledge base in the sense of the IDEFIX medical knowledge base or theR�SUM� parameter, event, and context ontologies; thus, many TTs, or parts ofTTs, will have to be reconstructed for new tasks in the same domain that rely onthe same implicit knowledge. In the case of TrenDx, this knowledge is encodedfunctionally in the set of value constraints that serve as lower and upper boundsfor, essentially, black-box functions. The lack of a distinct knowledge base meansthat TrenDx does not represent explicitly that a construct that appears in severalTTs, such as �the allowed function f(D) values are within –d� might play thesame knowledge role (see Chapter 2) in many TTs�namely, the allowedsignificant deviation of that parameter in that context, such as might be useful forrecognizing a DECREASING trend. Furthermore, even if the same parameterappeared in a somewhat different TT using the same implicit significant-deviation concept (with the same function f and even with the same d), thedesigner of the new TT would have to specify both f and d repeatedly.Since TrenDx does not have a hierarchical parameter knowledge base, it cannotinherit knowledge about, for instance, the Hb parameter, the parameter�sALLOWED RANGE value, or its DECREASING properties, from any other contextinvolving Hb. In particular, TrenDx cannot inherit a top-level context thatdefines the basic properties of Hb in any context, such as in the IDEFIX medicalknowledge base or in the R�SUM� ontology. An additional implication of the

Chapter 3: Temporal Reasoning in Clinical Domains108lack of an explicit knowledge base would be a difficulty in representing basicqualitative relationships for all contexts, whereas the HF program, TOPAZ, andR�SUM� (to some extent) can. Therefore, acquiring a set of new TTs, even for thesame clinical domain, might involve redefining implicitly many functions, valueconstraints, units of measurement, partial trends, and so on, that in fact play the sameknowledge roles in previously acquired TTs. It might therefore be quite difficult tosupport the design of a new TT by a domain expert, since that design mightinvolve the equivalent of a significant amount of low-level programming.As I have mentioned, TrenDx has different goals compared to systems such asDowns� medical-record summarization program, IDEFIX, TOPAZ, andR�SUM�. TrenDx does not form intermediate-level abstractions (such asDECREASING(HB)), save them, or maintain logical dependencies among them(e.g., by a truth-maintenance system) as R�SUM� or TCS do. Instead, TrenDxtries to match in the input data a predefined set of templates. TrenDx does notanswer arbitrary temporal queries at various intermediate abstraction levels (e.g.,�was there any period of a DECREASING standard-deviation score of the heightparameter for more than 2 years?�). TrenDx assumes that all the interestingqueries in the domain had been defined as TTs, and that no new queries will beasked by the user during runtime.Due to the different design, TrenDx cannot answer queries regarding anintermediate-level concept (such as bone-marrow toxicity levels), even if theanswer has been part of its input (e.g., the physician might have recorded in thechart that the patient has bone-marrow toxicity grade III). The reason is that TTsare defined in terms of only the lowest-level input concepts (e.g., height, weight,Hb-level values). This limitation does not exist in systems such as IDEFIX,TOPAZ, and R�SUM�.Note also that the lack of intermediate abstractions might pose grave difficultiesin acquiring complex new patterns, since the TrenDx patterns seem much morecomplex than are the typical high-level queries presented to Kahn�s TQueryinterpreter or to R�SUM�s query mechanism: The TTs essentially encapsulate

Chapter 3: Temporal Reasoning in Clinical Domains109all levels of abstraction at once, and all would have to be captured (andredefined) in the pattern.R�SUM�, consequently, has different, more general, goals: Representation oftemporal-abstraction knowledge in a domain-independent, uniform manner,such that the problem-solving knowledge might be reusable in other domainsand that the domain knowledge be sharable among different tasks. In addition,one of the goals in R�SUM� is to formalize and parameterize temporal-abstraction knowledge so that it can be acquired directly from a domain expertusing automated KA tools (see Chapter 6). This desire for uniformity anddeclarative form in the representation scheme, and the fact that either theavailable input or the requested output might be at various intermediate (butmeaningful) levels of abstraction, influenced my decision to avoid domain-specific patterns using low-level input data as the sole knowledgerepresentation5.Although their goals are different, R�SUM� and TrenDx are similar in at leastone sense: They assume incomplete information about the domain, whichprevents the designer from building a complete model and simulating thatmodel to get more accurate approximations. Thus, both systems useassociational patterns, albeit in a different manner, that fit well domains in whichthe underlying pathophysiological model cannot be captured completely by amathematical model, and, in particular, domains in which data are sparse.3.2.13 Larizza’s Temporal-Abstraction Module in the M-HTP SystemM-HTP [Larizza, 1990; Larizza et al., 1992] is a system devoted to the abstractionof time-stamped clinical data. In the M-HTP project, Larizza constructed asystem to abstract parameters over time for a program monitoring heart-

5The initial goal and the tools used to construct these two systems also might explain some of thedesign differences. For instance, TrenDx is built on top of a constraint-propagation network, theTUP system, and naturally defines patterns as constraints. TrenDx also assumes that the top-level, final diagnosis is the main goal, implying a goal-driven control strategy, while one of thereasons for the mainly (but not only) data-driven control in R�SUM� is the desire to generate allrelevant intermediate-level abstractions.

Chapter 3: Temporal Reasoning in Clinical Domains110transplant patients. The M-HTP system generates abstractions such as HB-DECREASING, and maintains a temporal network (TN) of temporal intervals,using a design inspired by Kahn�s TNET temporal-maintenance system (seeSection 3.2.10) [Larizza et al., 1992]. Like TNET, M-HTP uses an object-orientedvisit taxonomy (Figure 3.12) and indexes parameters by visits.M-HTP also has an object-oriented knowledge base that defines a taxonomy ofsignificant-episodes�clinically interesting concepts such as DIARRHEA orWBC_DECREASE. Parameter instances can have properties, such as MINIMUM (seeFigure 3.13). The M-HTP output includes intervals from the patient TN that canbe represented and examined graphically, such as �CMV_viremia_increase�during particular dates [Larizza et al., 1992].Visits

Date_dd_mm_yy = unknownDay_since_transplantation = unknownVisit_date = unknownVisit_hour = unknownVisit_number = unknown

Date_dd_mm_yy = 12 Dec 1990Day_since_transplantation = 37Visit_date = 90/12/12Visit_hour = 11:00Visit_number = 14(+)Visit 14

(+)WBC14(+)EA14(+)Antiviral14(+)IEA14(+)cya_dose14

Date_dd_mm_yy = 12 Dec 1990Day_since_transplantation = 37Visit_date = 90/12/12Symbolic_value = mild_leukopeniaVisit_number = 14(+)Visit2(+)Visit10Numeric_value = 14

(+)Visit13(+)Visit15(+)Visit7(+)Visit1Figure 3.12: A portion of the M-HTP visits taxonomy. Clinical-parameter values are indexed byvisits. Visits are aggregates of all data collected in the same day.

= class; D = object;

= slot.(Source: modified from [Larizza et al., 1992, p. 119].)

Chapter 3: Temporal Reasoning in Clinical Domains111

WBC_decreaseFever_episodesDiarrheaCMV_viremia_increaseCMV_antigenemia_increaseGastric_paincya_level_decreasecya_level_increase

immunosuppresionAverageDurationEnd_dateFirst_visitGranularityLast_visitLeft_boundMaximumMinimumPatternRight_boundSt_deviationStart_dateFigure 3.13: A portion of the M-HTP significant episodes taxonomy. Each significant episode hasmultiple attributes. = class;

= slot. (Source: modified from [Larizza et al., 1992, Page120].)The temporal model of the M-HTP system includes both time points andintervals. The M-HTP system uses a temporal query language to define theantecedent part of its rules, such as �an episode of decrease in platelet count thatoverlaps an episode of decrease of WBC count at least for 3 days during the pastweek implies suspicion of CMV infection� [Larizza et al., 1992].The M-HTP system can be viewed as a particular, domain-specific instance of theR�SUM� system. There is no indication that the M-HTP system is easilygeneralizable for different domains and tasks. For instance, concepts such asWBC_DECREASE are hard-coded into the system (see Figure 3.13). As I show inChapter 5, this hardcoding is conceptually different from the R�SUM� system�s

Chapter 3: Temporal Reasoning in Clinical Domains112representation of knowledge about several domain-independent abstractionclasses (states, gradients, rates and patterns). For instance, in R�SUM�, thegradient-abstractions class contains knowledge about abstracting gradients.Particular domains can have domain-specific subclasses, such asWBC_GRADIENT. In a gradient subclass, a particular value (e.g., one of thedefault values DECREASING, INCREASING, SAME and so on), and its inferenceproperties can be inherited from the gradient abstractions class, and can be usedby all instances of the gradient subclass.In the M-HTP system, there is no obvious separation between domain-independent abstraction knowledge and domain-specific temporal-reasoningproperties. In an example of the patient TN [Larizza], we can find the classSIGNIFICANT EPISODES, which presumably includes knowledge about clinicalepisodes, subclasses of that class (e.g., WBC_DECREASE), and instances of thelatter subclass (e.g., WBC_DECREASE_1), that presumably denote particularinstances of patient data. This situation is not unlike that in Downs� program(see Section 6.2.6), which influenced de Zegher-Geets� definition of a separatemedical knowledge base. Note also that a slot such as the MINIMUM VALUE of aparameter does not define a new abstraction class, such as are state abstractionsin R�SUM�: It is a function from the values of a particular instance into the valuesof the same instance (e.g., into the potential Hb levels�say, 7.4 gr./dl Hb), ratherthan into the range of values of a new class�namely the state abstractions of Hb(e.g., possible state values�say, LOW). Abstraction classes, including patterns,are thus not first-class parameters in the M-HTP system (unlike their status in theR�SUM� model), and cannot be described using the full expressive capacity of alanguage that might describe properties of parameters (e.g., the scale�say,ORDINAL). R�SUM� can therefore be viewed as a metatool for a representation of thetemporal-abstraction knowledge of M-HTP. The representation would useR�SUM�s domain-independent (but task-specific) language. As I show inChapter 6, most of that knowledge can be acquired in a disciplined manner,

Chapter 3: Temporal Reasoning in Clinical Domains113driven by the knowledge roles defined by the temporal-abstraction mechanismsthat solve the tasks posed by the knowledge-based temporal-abstraction method.3.3 DiscussionEach of the approaches used to solve the temporal-abstraction task in clinicaldomains has various features, advantages, and disadvantages. In presentingthese approaches, I have pointed out some of these features, and have discussedthese features with respect to comparable aspects in the R�SUM� system’smethodology. It is clear that most of the systems presented had differentphilosophical and practical goals, and it is therefore difficult to evaluate them inany real sense, except for pointing out the outstanding features relevant to thetask of temporal reasoning.Many systems used for monitoring, diagnosis, or planning, employ temporalreasoning, although that subject is not the main focus of the research. A majorexample of such a framework in the clinical domain is the Guardian architecturefor monitoring intensive-care unit patients and for suggesting therapeutic actionsfor these patients [Hayes-Roth et al., 1992]. In Guardian, a distinction is madeamong intended, expected and observed parameter values. Values have temporalscopes. Thus, arterial oxygen pressure might have a desirable intended range ofvalues; a suggested correction in an external variable might be expected toproduce within 1 minute a certain value in the patient�s measured parameter;and a particular observation, 2 minutes later, might return a value quite differentfrom either of these, thus suggesting some type of a problem. The time-stampedinput data is preprocessed using a set of parameter-specific filters that initiate, ineffect, the abstraction process [Washington and Hayes-Roth, 1989]. A Fuzzy-logic system based on trasholding sigmoidal functions is used in order to detecttemporal patterns ([Drakopoulus and Hayes-Roth, 1994]; see also Section 8.4.4).Although most of the systems I have discussed in Section 3.2 seem, on thesurface, to be solving an interpretation task in a temporal domain, we have todistinguish systems that summarize patient data over time (e.g., Downs�program, IDEFIX, TOPAZ, M-HTP, and R�SUM�), and answer random or

Chapter 3: Temporal Reasoning in Clinical Domains114structured queries about their interpretations (e.g., TOPAZ and R�SUM�) fromsystems that try to generate final diagnoses from low-level data (e.g., TrenDx). Aclosely related issue is whether the system attempts to perform a temporalmanagement function, in addition to the temporal reasoning one (e.g., TOPAZ andM-HTP). An extreme case is Russ�s TCS system, which did not perform anydomain-dependent temporal reasoning, although it performed a considerableamount of domain-independent temporal-management work behind the scenesto ensure that the user could effectively not worry about time. Thus, TCS couldbe considered a temporal-reasoning—support system. We also should make adistinction between systems whose implicit or explicit summarization goal is justa subgoal of another task, such as treating patients (e.g., VM) or predicting thenext state of the monitored system (e.g., the HF program), and systems whosemajor purpose is to summarize the patient�s record (e.g., IDEFIX and R�SUM�)or at least to detect significant temporal or causal trends in that record (e.g., Rx).Other distinctions can be made, since no two systems are alike.Nevertheless, most of the systems I have discussed�at least those that needed toperform a significant amount of the temporal-abstraction task�in fact solvedtasks closely related to the five tasks that I presented in Section 1.1 as thefundamental subtasks of the temporal-abstraction task. Recall that the temporal-abstraction task is explicitly decomposed into these five subtasks by theknowledge-based temporal-abstraction method (see Figure 1.2). Furthermore,the systems that I have described often relied implicitly on the four types oftemporal-abstraction knowledge I defined: structural knowledge, classificationknowledge, temporal-semantic knowledge, and temporal-dynamic knowledge.This knowledge, however, often was not represented declaratively, if at all. Forinstance, all systems described had to solve the context-restriction task beforeinterpretation could proceed and therefore created various versions ofinterpretation contexts (e.g., the intervals created by TOPAZ and the TN moduleof M-HTP, the external states determined by the state-detection rules of VM, andthe steady states partitioned by TCS). There was always a classification task (e.g.,determining severity levels by IDEFIX, or creating interval-based abstraction

Chapter 3: Temporal Reasoning in Clinical Domains115from numeric patient-specific and population-dependent data). There wasalways the need to create intervals explicitly or implicitly, and thus to reasonabout local and global change (e.g., Downs� program used temporal predicates,IDEFIX defined TOPFs, and Rx required a library of time-dependent databaseaccess functions). All systems assumed implicitly some model of propositionsemantics over time�for instance, allowing or disallowing automaticconcatenation of contexts and interpretations (VM, IDEFIX). Finally, all systemseventually performed temporal pattern matching, explicitly (e.g., TOPAZ, usingETNET) or implicitly (e.g. Downs� temporal predicates, which were also used inIDEFIX as input to the odds-likelihood update function, and the TrenDx pattern-matching algorithm, using the low-level constraints). In addition to the tasksolved, there were common issues to be resolved inherent in maintaining thevalidity of a historic database (e.g., Russ�s TCS system and R�SUM� use a truth-maintenance system).The knowledge-based temporal-abstraction method makes explicit the subtasksthat need to be solved for most of the variations of the temporal-abstractioninterpretation task. These subtasks have to be addressed, explicitly or implicitly,by any system whose goal is to generate interval-based abstractions. Thetemporal-abstraction mechanisms that I have chosen to solve these subtasksmake explicit both the tasks they solve and the knowledge that they require tosolve these tasks.None of the approaches that I have described focuses on the knowledge-acquisition, knowledge-maintenance, knowledge-reuse, or knowledge-sharingaspects of designing and building large knowledge-based medical systems. Inother words, the approaches described, as applied to the temporal-abstractiontask, were not represented at the knowledge level. We might therefore expect theseapproaches to be plagued by most of the design and maintenance problems ofknowledge-based systems that were discussed in Chapter 2. In particular, wewould expect difficulties when we attempt (1) to apply these approaches tosimilar tasks in new domains, (2) to reuse them for new tasks in the samedomain, (3) to maintain the soundness and completeness of their associated

Chapter 3: Temporal Reasoning in Clinical Domains116knowledge base and its interrelated components, and (4) to acquire theknowledge required to instantiate them in a particular domain and task in adisciplined and perhaps even automated manner.In Chapter 4, I present a knowledge-level view of the knowledge-basedtemporal-abstraction method and its mechanisms, designed precisely so thatsuch limitations might be removed or their burden be lessened. I present aunified, explicit framework for solving the temporal-abstraction task by (1)defining formally the ontology of the temporal-abstraction task assumed by theknowledge-based temporal-abstraction method, namely, the domain entitiesinvolved and their relationships, (2) defining the subtasks into which thetemporal-abstraction task is decomposed by the knowledge-based temporal-abstraction method; (3) defining formal mechanisms that can be used to solvethese subtasks; and (4)˚pointing out the domain-specific knowledge roles used inthese mechanisms, their explicit nature, semantics, and interrelationships, andthe way they can be organized and used to solve the temporal-abstraction task.

Chapter 4: Knowledge-Based Temporal Abstraction1174 K n o w l e d g e - B a s e d T e m p o r a l AbstractionIn Chapter 1, I gave several examples of the temporal-abstraction task (see Figure1.1.), and I presented an overview of the knowledge-based temporal-abstractionmethod (see Figure 1.2). This method decomposes the temporal-abstraction taskinto five subtasks, and solves these five subtasks using five knowledge-basedtemporal-abstraction mechanisms. As I have shown in Section 3.2, some or all ofthe five subtasks had been in fact implicit goals for every system that hasattempted to solve the temporal-abstraction task in clinical domains, and are thusvery general. (In theory, the knowledge engineer that designs a temporal-abstraction system for a new domain might select mechanisms other than theones that I am suggesting to solve one or more of the five subtasks posed by theknowledge-based temporal-abstraction method, such as the task of formingcontexts, as long as the input and output semantic constraints of these subtasksare satisfied). The knowledge-based temporal-abstraction mechanisms I suggestrely in turn on four domain-specific knowledge types. These four types ofknowledge constitute the only interface between the knowledge-based temporal-abstraction method and the knowledge engineer who is using that method.Thus, the development of a temporal-abstraction system particular to a newdomain relies on only the creation or editing of a predefined set of fourknowledge categories, most of which are purely declarative. These knowledgecategories need to be acquired, manually or in an automated fashion, from adomain expert (e.g., an expert physician).In this chapter, I present a detailed knowledge-level view (see Section 2.1) of theknowledge-based temporal-abstraction method and of the five temporal-abstraction mechanisms that I suggest for solving the five subtasks that methodposes. I define precisely the nature of the four types of domain-specifictemporal-abstraction knowledge, and the roles (see Section 2.1) that these fourtypes play in the five mechanisms. In Chapter 5, I describe a particular

Chapter 4: Knowledge-Based Temporal Abstraction118implementation of the five temporal-abstraction mechanisms and the knowledgethey rely on (i.e., the R�SUM� system). The R�SUM� system demonstratesadditional design concepts important for a discussion of the knowledge-basedtemporal-abstraction method as an appropriate solution for the temporal-abstraction task. In particular, I discuss several issues pertaining to theappropriate organization and representation of the temporal-abstractionknowledge. I also discuss several computational issues, such as control methodsand the handling of nonmonotonicity.To describe the working of the knowledge-based temporal-abstraction methodand mechanisms, I start by defining a formal model of the temporal abstractiontask as that task is solved by the knowledge-based temporal-abstraction method.The formal model will enable us to define clearly the inputs and outputs to thefive subtasks defined by that method and to the five mechanisms solving,respectively, these subtasks. I then describe each of the five temporal-abstractionmechanisms, the task that each mechanism solves, and the formal specificationsof its knowledge requirements. Since the mechanisms create abstractions thatmight change as more data arrive, I discuss (in Section 4.2.6) the nonmonotonicnature of the conclusions output by the five mechanisms. Finally, I summarizethe model and evaluate its main features. The model of temporal abstraction, theknowledge types of which this model is constructed, and the inferences that thismodel permits, together define a knowledge-based temporal-abstraction theory.The reader might find that the description in Chapter 3 of general temporalmodels and of particular clinical temporal-reasoning systems is helpful (althoughnot absolutely necessary) when reading this chapter, since at times I compare thetemporal-abstraction model and its implied inference framework to otherapproaches.4.1 The Temporal-Abstraction OntologyThe knowledge-based temporal-abstraction method, and the five temporal-abstraction mechanisms solving the five subtasks posed by that method when itsolves the temporal-abstraction task, make several assumptions with respect to

Chapter 4: Knowledge-Based Temporal Abstraction119the underlying temporal model of the domain. In particular, they assume acertain structure of time and of propositions that can be interpreted over time.Thus, the temporal-abstraction mechanisms assume a task-specific ontology (i.e.,a theory of what entities, relations, and properties exist, at least in a particulardomain) for temporal abstraction. My intention in this section is to define anontology of events (e.g., drug administrations), an ontology of parameters (e.g.,blood-glucose value), an ontology of interpretation contexts within whichparameters will be interpreted and abstracted into higher-level concepts, and therelations among these ontologies. I will then use these ontologies to formallydefine the temporal-abstraction task that the knowldge-based temporal-abstraction method is solving.Informally, the temporal model that I use includes both time intervals and timepoints. The points are the basic temporal primitives, but propositions, such asoccurence of events and existence of parameter values, can be interpreted onlyover time intervals. All propositions are therefore fluents [McCarthy and Hayes,1969]; that is, they must be interpreted over a particular time period (e.g., thevalue of the Temperature parameter at time [t, t]).The various types of entities and propositions that I define can be seen as logicalsorts. I will usually clarify immediately which set of symbols denotes each sort;thus, the notation �a parameter p ˛ P� means that each individual parameter,denoted by p, will be a member of a new set of symbols P (denoting onlyparameters). Other conventions are used; for instance, relation names aredenoted by small capital letters. The List of Symbols in the preamble to thisdissertation lists all the symbols and conventions I use; the reader might use it asa glossary.The temporal-abstraction model comprises the following set of entities:1. The basic time primitives are time stamps, Ti ˛ T. Time stamps arestructures (e.g., dates) that can be mapped, by a time-standardizationfunction fs(Ti), into an integer amount of any element of a set ofpredefined temporal granularity units Gi˚˛˚G (e.g., DAY). A zero-point

Chapter 4: Knowledge-Based Temporal Abstraction120time stamp must exist, with relationship to which the time stamps aremeasured in the Gi˚ units. (Intuitively, the 0 point might be grounded ineach domain to different absolute, �real-world,� time points: the patient�sage, the start of the therapy, the first day of the 20th century.) The domainmust have a time unit G0 of the lowest granularity (e.g., SECOND), similarto the chronons defined by Clifford [1988] (see Section 3.1.7); there mustexist a mapping from any integer amount of granularity units Gi˚into aninteger amount of G0. A finite negative or positive integer amount of Giunits is a time measure.(Intuitively, time stamps might be represented using units such as days,hours, or seconds, or at any finite granularity level. However, such timeunits must be convertible to the lowest granularity level of the domain.The lowest granularity level actually used is a task-specific choice; forinstance, in the domain of monitoring children�s growth, a reasonablegranularity unit might be MONTH).The special symbols +¥ and -¥ are both time stamps and time measures,denoting the furthest future and the most remote past, respectively. Anytwo time stamps must belong to either a precedence relation or anequivalence relation defined on the set of pairs of time stamps. Theprecedence relation is areflexive, antisymmetric, and transitive, intuitivelycorresponding to a temporal order, while the equivalence relation denotestemporal equivalence, at least for the domain at hand. The -¥ time stampprecedes any other time stamp; the +¥ time stamp follows (is precededby) all other time stamps. In addition, the operation of subtracting anytwo time stamps from each other must be defined and should return as aresult a time measure, including +¥ or -¥. Finally, the operation ofadding or subtracting a time measure to or from a time stamp must returna time stamp.Time stamps resemble the result of applying a date function toMcDermott�s states [McDermott, 1982], which I described in Section 3.1.5.

Chapter 4: Knowledge-Based Temporal Abstraction121However, McDermott maps states (snapshots of the world) to the real-numbers line. The discreteness of time stamps is necessitated by thenature of the temporal-abstraction task (i.e., interpretation), and of thattask�s input (i.e., time-stamped data). The temporal-abstractionmechanisms are quite general, however, and do not rely on thatdiscreteness. The temporal-abstraction mechanisms do depend on theunambiguousness inherent in time stamps, on the existence of thetemporal precedence and equivalence relations, and on the computationalproperties defined above. Temporal uncertainty is therefore modeled bythe nature of the processing of time-stamped data, but is not modeled bythe time stamps themselves.2. A time interval I is an ordered pair of time stamps representing theinterval�s end points: [I.start, I.end]. Time points Ti are thereforerepresented as zero-length intervals where I.start = I.end. Propositionscan only be interpreted over time intervals.As will be clear from the rest of the definitions of the temporal-abstractionontology, the set of points included in a time interval depends on theproposition interpreted over that interval. A time interval can be closedon both sides (in the case of state-type and pattern-type parameterpropositions and interpretation contexts), open on both sides (in the caseof gradient- and rate-type abstractions), or closed on the left and open onthe right (in the case of event propositions).3. An interpretation context x ˛ X is a proposition that, intuitively,represents a state of affairs (e.g., �the drug insulin has an effect on bloodglucose during this interval�). When interpreted over a time interval itcan change the interpretation of one or more parameters within the scopeof that time interval (e.g., of the state of the blood-glucose level, bysuggesting a different definition of the LOW value).A SUBCONTEXT relation is defined over the set of interpretation contexts.An interpretation context in conjunction with one of its subcontexts can

Chapter 4: Knowledge-Based Temporal Abstraction122create a composite interpretation context. Composite interpretationcontexts are interpretation contexts. Formally, the structure <xi, xj> is aninterpretation context, if the ordered pair (xj , xi) belongs to theSUBCONTEXT relation. In general, if the structure <x1 , x2,...xi> is a(composite) interpretation context, and the ordered pair (xj, xi) belongs tothe SUBCONTEXT relation, then the structure <x1 , x2,...xi, xj> is a(composite) interpretation context.Intuitively, composite interpretation contexts allow us to defineincreasingly specific contexts (e.g., a specific drug regimen that is a part ofa more general clinical protocol), or combinations of different contexts, forinterpretation of various parameters. Composite interpretation contextsrepresent a combination of contemporaneous interpretation contexts whoseconjunction denotes a new context that has some significance in thedomain for the interpretation of one or more parameters.4. A context interval is a structure <x, I>, consisting of an interpretationcontext x and a temporal interval I.Intuitively, context intervals represent an interpretation contextinterpreted over a time interval; within the scope of that interval, it canchange the interpretation of one or more parameters . Thus, the effects ofchemotherapy form an interpretation context that can hold over severalweeks, within which the ranges of hematological parameters should bedefined differently.5. An event proposition e ˛ E (or an event, for short, when no ambiguityexists) represents the occurrence of an external volitional action or process(as opposed to a measurable datum, such as temperature), such asadministering a drug . Events have a series ai of event attributes (e.g.,dose). Each attribute ai must be mapped to an attribute value ni.Formally, there exists an IS-A hierarchy (in the usual sense) of eventschemas (or event types). Event schemas have a list of attributes ai, where

Chapter 4: Knowledge-Based Temporal Abstraction123each attribute has a domain of possible values Vi, but do not necessarilycontain any corresponding attribute values. Thus, An event proposition isan event schema in which each attribute ai is mapped to some value ni ˛Vi. A PART-OF relation is defined over the set of event schemas. If the pairof event schemas (ei, ej) belongs to the PART-OF relation, then eventschemaei can be a subevent of an event schema ej. (e.g., a CLINICALPROTOCOL event can have several parts, all of them MEDICATION events).6. An event interval is a structure <e, I>, consisting of an event proposition eand a time interval I .Intuitively, e is an event proposition (with a list of attribute—value pairs),and I is a time interval over which the event proposition e is interpreted.The time interval represents the duration of the event.7. A parameter schema (or a parameter, for short)p ˛ P is, intuitively, ameasureable aspect or a describable state of the world (in particular, thepatient�s world), such as the patient�s temperature. Parameter schemashave various properties, such as a domain Vp of possible symbolic ornumeric values, measurement units, and a measurement scale (which canbe one of NOMINAL, ORDINAL, INTERVAL, or RATIO, corresponding to thestandard distinction in statistics among types of measurement6). Not allproperties need have values in a parameter schema. There is an IS-Ahierarchy (in the usual sense) of parameter schemas. The combination <p,x> of a parameter p and an interpretation context x is an extendedparameter schema (or an extended parameter for short). Extendedparameters are parameters. (For instance, blood glucose in the context ofinsulin action, or the platelet count in the context of chemotherapy effects.)

6Nominal-scale parameters have values that cannot be ordered (e.g., color). Ordinal-scaleparameters have values that can be ordered, but the intervals among these values are notmeaningful by themselves and are not necessarily equal (e.g., army ranks). Interval-scaleparameters have meaningful, comparable intervals, although a ratio comparison is notnecessarily meaningful (e.g., temperature measured on different temperature scales). Ratio-scaleparameters have, in addition to all of the above, a fixed zero point and therefore a ratiocomparison, such as �twice as tall� is meaningful regardless of the height measurement unit.

Chapter 4: Knowledge-Based Temporal Abstraction124Note that an extended parameter can have properties, such as possibledomains of value, that are different from that of the original(nonextended) parameter (e.g., in a specific context, a parameter mighthave a more refined set of possible values). Extended parameters alsohave a special property, a value n ˛ Vp. Values typically are known onlyat runtime.(I usually denote parameter names by using leading capital letters, and aparticular value of a parameter property by using small capital letters).Intuitively, parameters denote either input (usually raw) data, or any levelof abstraction of the raw data (up to a whole pattern). For instance, theHemoglobin (Hb) level is a parameter, the White-blood—cell (WBC)count is a parameter, the Temperature level is a parameter, and so is theBone-marrow—toxicity level (that is abstracted from, among otherparameters, the Hb parameter).The combination of a parameter, a parameter value and an interpretationcontext, that is, the tuple <p, n, x> (i.e., an extended parameter and avalue) is called a parameter proposition (e.g., the state of Hb has the valueLOW in the context of therapy by the PAZ protocol). A mapping existsfrom all parameter propositions and the parameter properties of theircorresponding parameter (or extended parameter) schema into specificproperty values.Parameter properties can be viewed as multiple-argument relations inwhich some of the arguments (i.e., a parameter, a context and a value)denote a parameter proposition. This will be clear when I enumerate theknowledge requirements of each of the temporal-abstraction mechanismsthat solve, respectively, each of the temporal-abstraction subtasks. Muchof the knowledge about abstraction of higher-level concepts over timedepends on knowledge of particular parameter and parameter propositionproperties, such as persistence over time of a certain parameter with acertain value within a particular context. As will be seen in Section 4.2,

Chapter 4: Knowledge-Based Temporal Abstraction125different temporal-abstraction mechanisms typically require knowledgeabout different parameter properties of the same parameter propositions.These properties will be enumerated, defined, and discussed at length inSection 4.2.Primitive parameters are parameters that play the role of raw data in theparticular domain in which the temporal-abstraction task is being solvedand that cannot be inferred by the temporal-abstraction process from anyother parameters (e.g., laboratory measurements). Primitive parameterscan appear in only the input of the temporal-abstraction task.Abstract parameters are parameters that play the role of intermediateconcepts at various levels of abstraction; these parameters can be part ofthe output of the temporal-abstraction task, having been abstracted fromother parameters and events, or they may be given as part of the input(e.g., the state of Hb is MODERATE_ANEMIA). In the former case, there is anABSTRACTED-INTO relationship between the input parameters and some ofthe output parameters. Each pair of parameters that belongs to anABSTRACTED-INTO relation represents only one abstraction step; that is, theABSTRACTED-INTO relation is not transitive. It is also areflexive andantisymmetric. If the parameter-pair (pi, pj) belongs to the ABSTRACTED-INTO relation, either both parameter types are abstract or pi is primitiveand pj is abstract. Abstract-parameter propositions are created during thetemporal-abstraction process by all the temporal-abstraction mechanismsexcept the context-forming one.Constant parameters are parameters that are considered atemporal in thecontext of the particular interpretation task that is being solved, so thattheir values are not expected to be time dependent (e.g., the patient�sgender, the patient�s address, the patient�s father�s height). There are infact only a few, if any, truly constant parameters (including gender).When I discuss the temporal-inference mechanism and the inferentialproperties knowledge it uses in Section 4.2.3, I mention a way to represent

Chapter 4: Knowledge-Based Temporal Abstraction126constants as fluents with a particular set of temporal-semantic inferentialproperties, thus removing, in effect, the traditional distinction betweentemporal and atemporal variables. It is often useful to distinguishbetween (1) internal (or runtime) constants, which are specific to theparticular case being interpreted (e.g., to the current patient) and appear inthe runtime input (e.g., the patient�s name, gender, or age), and (2)external (or static) constants, which are inherent to the overall task, andare typically prespecified or appear in the domain ontology (e.g.,population distributions of heights, or the value of the mathematicalconstant p).8. A parameter interval is a tuple <p, n, x, I>, where <p, n, x> is a parameterproposition and I is a time interval. If I is in fact a time point (i.e., I.start =I.end) we can also refer to the tuple as a parameter point.Intuitively, a parameter interval denotes the value n of parameter p in thecontext x during time interval I.Usually, when meaningful, I denote the value of parameter p in thebeginning of interval I1 as I1.start.p, and the value of parameter p in theend of interval I as I1.end.p, (see Figure 1.1b for an example of intervalsand parameters).9. Abstraction functions q ˛ Q are unary or multiple-argument functionsfrom one or more parameters to an abstract parameter. The �output�abstract parameters can have one of several abstraction types (which areequivalent to the abstracion function used). I distinguish among at leastthree basic abstraction types: state, gradient, and rate. (Other abstractionfunctions and therefore types, such as acceleration and frequency, can beadded). These abstraction types correspond, respectively, to aclassification (or computational transformation) of the parameter�s value,the sign of the derivative of the parameter�s value, and the magnitude ofthe derivative of the parameter�s value during the interval (e.g., LOW,DECREASING, and FAST abstractions for the WBC-count parameter). The

Chapter 4: Knowledge-Based Temporal Abstraction127state abstraction is always possible, even with qualitative parametershaving only a nominal scale (e.g., different values of the Color parametercan be mapped into the abstraction D A R K ); the gradient and rateabstractions are meaningful for only those parameters that have at least anordinal scale (e.g., ordinal numbers) or an interval scale (e.g.,temperature), respectively. In practice, the state-, gradient-, and rate-abstraction types and their compositions (e.g., the gradient of the state ofthe parameter�s value) cover most of the numerical and qualitative data inclinical domains.In addition, a special type of abstraction function (and type) is pattern:The abstract parameter is defined as a temporal pattern of several otherparameters (e.g., a QUIESCENT-ONSET pattern of chronic graft-versus-hostdisease; see Figure 1.7).The q abstraction of a parameter schemap is a new parameter schemaq(p),that is, a parameter different from any of the arguments of the q function(e.g., STATE(Hb), which I usually write as Hb_State). This new parameterhas its own domain of values, measurement scale, and any other possibleproperties. It can also be abstracted further (e.g., GRADIENT(STATE(Hb)),or Hb_State_Gradient). Note that the new parameter typically hasproperties (e.g., scale) that are different from those of the one or moreparameters from which it was abstracted.Statistics such as minimum, maximum, and average value are not abstractiontypes in this ontology. Rather, these are functions on parameter values, thatreturn simply a value of a parameter, possibly during a time interval, oftenfrom the domain of the original parameter (e.g., the minimum Hb valuewithin a time interval I can be 8.9 gr/dl, a value from the domain of Hbvalues), rather than a parameter schema, which can have a new domain ofvalues (e.g., the Hb_STATE can have the value INCREASING).10. An abstraction is a parameter interval <p, n, x, I> where p is an abstractparameter. If I is in fact a time point (i.e., I .start = I.end), we can also refer

Chapter 4: Knowledge-Based Temporal Abstraction128to the abstraction as an abstraction point; otherwise, we can refer to it asan abstraction interval.11. An abstraction goal y ˛ Y is a proposition that denotes a particular goalor intention that is relevant to the temporal-abstraction task during someinterval (e.g., the goal of monitoring AIDS patients; the goal of analyzinggrowth charts; the intention to control a diabetes patient�s blood-glucosevalues). Intuitively, an abstraction goal represents the fact that anintention holds or that a goal should be achieved during the time intervalover which it is interpreted.12. An abstraction-goal interval is a structure <y, I>, where y is a task and Iis a temporal interval.Intuitively, an abstraction-goal interval denotes a temporal-abstractiongoal (e.g., one of certain specific types of diagnosis or therapy) that isposed (e.g., by the user or by an automated planner) during an interval. Aan abstraction-goal interval is used for creating correct contexts forinterpretation of data.13. Intuitively, context intervals are inferred dynamically (at runtime) bycertain event, parameter, or abstraction-goal propositions being true overspecific (i.e., known) time intervals. The interpretation contextsinterpreted over these context intervals are said to be induced by thesepropositions (e.g., by the event �administration of four units of regularinsulin�). Certain predefined temporal constraints must hold between theinferred context interval and the time interval over which the inducingproposition is interpreted. For instance, the effect of regular insulin withrespect to changing the interpretation of blood-glucose values might startat least 30 minutes after the start of the administering and might end up to8 hours after the end of that administraction.Two or more context-forming propositions might induce indirectly acomposite interpretation context, when their corresponding induced context

Chapter 4: Knowledge-Based Temporal Abstraction129intervals are contemporaneous, if the interpretation contexts that holdduring these intervals belong to the SUBCONTEXT relation. I discussinterpretation contexts and further distinctions among them, as part of thedescription of the context-forming mechanism, in Section 4.2.1 and inSection 5.2.Formally, a dynamic induction relation of a context interval (DIRC) is arelation over propositions and time measures, in which each member is astructure of the form <x,j, ss,se, es, ee>. The symbol x is the interpretationcontext that is induced. The symbol j ˛ R is the inducing proposition, anevent, an abstraction-goal, or a parameter proposition. (An event schemais also allowed, as shorthand for the statement that the relation holds forany event proposition representing an assignment of values to the event-schema�s arguments.) Each of the other four symbols is either the�wildcard� symbol *, or a (positive, negative or infinite) time measure.A proposition j that is an inducing proposition in at least one DIRC, istermed a context-forming proposition.The inference knowledge represented by DIRCs is used by the context-forming mechanism to infer new context intervals at runtime. Intuitively,the inducing proposition is assumed, at runtime, to be interpreted oversome time interval I with known end points. The four time measuresdenote, respectively, the temporal distance between the start point of I andthe start point of the induced context interval, the distance between thestart point of I and the end point of the induced context interval, thedistance between the end of I and the start point of the context interval,and the distance between the end point of I and the end point of theinduced context interval (see Figure 4.2). Note that, typically, only twovalues are necessary to define the scope of the inferred context interval(more values might create an inconsistency), so that the rest can beundefined (i.e., they can be wildcards, that match any time measure), andthat sometimes only one of the values is a finite time measure (e.g., the ee

Chapter 4: Knowledge-Based Temporal Abstraction130distance might be +¥). Note also that the resultant context intervals donot have to span the same temporal scope over which the inducingproposition is interpreted.Due to the existence of DIRCs, a proposition such as an event (or an eventschema), for instance, when interpreted over a particular time interval, caninduce at runtime a multiple series of interpretation contexts. Thus, atherapy event can induce an context interval whose intuitive meaning is�a toxicity period for hematological paramters is expected from 2 weeksafter the start of therapy until 4 weeks after the end of the therapy,� aswell as a context interval whose intuitive meaning is �kidneycomplications of a very particular sort might occur from 6 months afterthe end of the therapy until the unspecified (remotest) future.�I discuss induced interpretation contexts and context intervals further inSection 4.2.1, and I examine their details when I describe the architectureof the context-forming mechanism in Section 5.2.The use of time stamps as primitives, and interpretation of propositions overintervals, corresponds to the point-based temporal model as developed byShoham [Shoham, 1987; Shoham & Goyal, 1988]. In general, I use a reifiedrepresentation [Shoham 1987], in which the proposition �the WBC count isdecreasing during interval I1 in the context x� is stated formally as True(I1,DECREASING(WBC_GRADIENT,x)), thus separating the temporal component of thesentence from the atemporal (parameter-proposition) component. For simplicity,however, I often refer to this proposition as DECREASING(I1, WBC_GRADIENT, x)).I also use simply DECREASING(WBC) as a syntactic abbreviation when noconfusion is likely; it should be read as �the value of the gradient abstraction ofthe WBC-count parameter (i.e., the WBC_GRADIENT parameter) is DECREASING(during the relevant context and over the relevant time interval).�

Chapter 4: Knowledge-Based Temporal Abstraction131Given these definitions, I now can clarify exactly which basic propositions existin the ontology of the temporal-abstraction problem-solving method I suggest:abstraction goals, event propositions, parameter propositions, and interpretationcontexts. These fluents are interpreted over time intervals.The set of all the relevant event schemas and propositions in the domain, theirattributes and subevents, form the domain�s event ontology. The set of all thepotentially relevant contexts and subcontexts of the domain, whatever theirinducing proposition, defines a context ontology for the domain. The set of allthe relevant parameters and parameter propositions in the domain and theirproperties form the domain�s parameter ontology. These three ontologies,together with the set of abstraction-goal propositions and the set of all DIRCs,define the domain�s temporal-abstraction ontology. In Chapter 5, I discussexamples of ontologies of events, contexts and parameters in a domain and theirconceptual repreentation.Finally, I am assuming the existence of a set of temporal queries, expressed in apredefined temporal-abstraction language that includes constraints on parametervalues and on relations among start- and end-point values among various time-intervals and context intervals. That is, a temporal query is a set of constraintsover the components of a set of parameter and context intervals. Intuitively, thetemporal-abstraction language is used (1) to define the relationship between apattern-type abstract parameter and its defining parameter intervals, and (2) toask arbitrary queries about the result of the temporal-abstraction inferenceprocess. The result of such an �external� query regarding the state of theknowledge base (including the input and the inferred propositions) depends onthe type of the query. The query type can be either (1) a value query, returning avalue for a parameter-proposition fulfilling the rest of the constraints (e.g., Hb =9.4 mg/dl during some context), (2) a boolean query asking for the existence of aproposition given the constraints and returning a boolen value (e.g., TRUE), or (3)a set query returning a set of parameter propositions (e.g., all parameterpropositions that satisfy a given set of constraints).

Chapter 4: Knowledge-Based Temporal Abstraction132The temporal-abstraction task solved by the knowledge-based temporal-asbtraction method is thus the following task: Given at least one abstraction-goalinterval <y, I>, a set of event intervals <ej, Ij>, and a set of parameter intervals<pk,˚nk,˚xk,˚Ik> (where xk might be an empty interpretation context), and thedomain�s temporal-abstraction ontology, produce an interpretation�that is, aset of context intervals <xn, In> and a set of (new) abstractions <pm,nm, xm, Im>(see Figure 1.1), such that the interpretation can answer any temporal queryabout all the abstractions derivable from the transitive closure of the input dataand the domain knowledge.Note that in order that output abstractions be meaningful, the domainknowledge representing the relationship between primitive and abstractparameters, such as ABSTRACTED-INTO relations, must be given as part of theinput. (In the case of the knowledge-based temporal-abstraction method, as willbe obvious in Section 4.2, the domain�s temporal-abstraction ontology must alsoinclude certain specific parameter properties, all of the relevant DIRCs, etc.)Note also that other measures of usefulness to the user, such as sensitivity,specificity, predictive value, and relevance of the output abstractions to the taskat hand, are difficult to define precisely; such issues are discussed in Chapter 6,when I describe applications of the knowledge-based temporal-abstractionmethod in several domains.Finally, important computational considerations, such as the inherentnonmonotonicity of the temporal-abstraction process and the other desideratamentioned in Section 1.1 for any method solving the temporal-abstraction task,have not been mentioned in the formal definition of that task. Strictly speaking,these considerations are not essential for defining the output of that task (forinstance, the reasoning mechanisms could, in theory, recompute all inferenceswhen each new datum arrives). These considerations are extremely important,though, for efficient acquisition, representation, and utilization of temporal-abstraction knowledge; they are discussed at length in Chapter 5 and Section 8.2.

Chapter 4: Knowledge-Based Temporal Abstraction1334.2 The Temporal-Abstraction MechanismsIn Chapter 1, I listed the five subtasks into which the knowledge-based temporal-abstraction method decomposes the temporal-abstraction task (see Figure 1.2.).These subtasks can be restated informally, using the temporal-abstractionontology:1.Temporal-context restriction involves creation of interpretation contextsfrom a set of input abstraction-goal, parameter and event intervals, relevantto focusing and limiting the scope of the inference2.Vertical temporal inference involves creation of parameter points orparameter intervals, by inference from contemporaneous parameterpropositions into parameter propositions to which they have anABSTRACTED-INTO relation3.Horizontal temporal inference involves creation of parameter intervals, byperforming inference on parameter propositions of the same parameter(e.g., Hb), abstraction type (e.g., STATE), and interpretation context (e.g.,AIDS therapy), attached to intervals that are not disjoint, but that differ intemporal span4.Temporal interpolation involves creation of parameter intervals by joiningof disjoint parameter points or parameter intervals associated withpropositions of the same parameter, abstraction type and interpretationcontext5.Temporal-pattern matching involves creation of parameter intervals bymatching of patterns�constraining parameter values and time-intervalvalues and relations�over possibly disjoint parameter intervals, associatedwith parameter propositions of various parameters and abstraction types).The five temporal-abstraction mechanisms solve these five temporal-abstractionsubtasks. The inputs and the outputs of these mechanisms can now be defined ata greater level of detail (see figure 1.2):

Chapter 4: Knowledge-Based Temporal Abstraction1341.The context-forming mechanism creates context intervals, givenabstraction-goal intervals, event intervals, abstractions, DIRCs, or severalexisting (meeting or contemporaneous) context intervals.2.The contemporaneous-abstraction mechanism creates abstraction pointsand intervals, given contemporaneous parameter points and intervals andcontext intervals and the parameter ontology.3.The temporal-inference mechanism performs, as I will show, two subtasks.Temporal horizontal inference involves inferring a parameter proposition (e.g.,NONDEC) from two given parameter propositions (e.g., SAME and INC) whenthe temporal elements to which the parameter propositions are attached aredisjoint. Temporal-semantic inference involves inferring a parameterproposition given a parameter interval and a time interval (e.g., asubinterval of the parameter interval), attaching a parameter proposition tothe time interval, thus creating another parameter interval. The parameter,abstraction type, and interpretation context of the input propositions mustbe the same. The input also includes the parameter ontology.4.The temporal-interpolation mechanism joins disjoint parameter points orparameter intervals, both with the same parameter name , abstraction type,and interpretation context. The input also includes the parameter ontology.The output is a parameter interval.5.The temporal-pattern—matching mechanism creates new abstraction pointsand intervals by matching patterns over disjoint parameter intervals orparameter points. The patterns include restrictions on parameter valuesand time-interval values and relations; the parameters, abstraction types,and interpretation contexts might differ among the involved parameterpropositions. Pattern classifications and other types of knowledge arerepresented in the parameter ontology, which is included in the input. Theinput might also include a set of runtime temporal queries.

Chapter 4: Knowledge-Based Temporal Abstraction135As will be seen in the rest of this section, the temporal-abstraction mechanismsrequire knowledge (usually expressed as particular parameter properties) that ismore specific than the rather general knowledge categories used for defining thetemporal-abstraction task. I distinguish among four domain knowledge typesused by the temporal-abstraction mechanisms (Figure 1.2):1.Structural knowledge (e.g., IS-A, ABSTRACTED-INTO and P A R T -OFrelations in the domain)2.Classification knowledge (e.g., classification of Hb count ranges intoLOW, HIGH, VERY HIGH)3.Temporal-semantic knowledge (e.g., the DOWNWARD-HEREDITARYrelation [see Section 3.1.6] between a LOW(Hb) proposition attached toan interval and a LOW(Hb) proposition attached to a subinterval of thatinterval )4.Temporal-dynamic knowledge (e.g., persistence of the truth value ofLOW(Hb) when the Hb parameter is not measured)An example of the interaction among several temporal-abstraction mechanisms ispresented in Figure 4.1, and will be helpful for reference when presenting thetemporal-abstraction mechanisms in the rest of this chapter. In the subsections that follow, I shall describe the five temporal-abstractionmechanisms, and point out the precise knowledge that each mechanism needs tobe instantiated in (applied to) a new domain. This knowledge is usually acombination of the four knowledge types shown in Figure 1.2 and listed above.

Chapter 4: Knowledge-Based Temporal Abstraction136

¥¥¥¥¥

Protocol CCTG-522TTTTT1T234569.07.0

TimeI6I5I1I7I2I3I4HblevelContextsAbstracted intervals

Protocol CCTG-522 administrationEventsFigure 4.1: Processing of parameter points and intervals by the temporal-abstractionmechanisms. For example, parameter points T1 and T2 are abstracted into two abstraction points,over which a LOW(Hb) state abstraction in interpreted, by contemporaneous abstraction; these pointabstractions are joined into a L O W (Hb) interval abstraction I1 by temporal interpolation.Abstractions I1 and I2 are joined by temporal inference into the longer LOW(Hb) intervalabstraction I5, as are I3 and I4 into I6. Interval abstractions I5 and I6 are joined into a LOW(Hb)interval abstraction I7 by temporal interpolation. A DECREASING(Hb) gradient abstraction duringinterval I7 is computed similarly, if all steps in the computation are permitted by the domain�stemporal-abstraction properties. ¥˚= Hb levels;

= event interval;

= closed contextinterval;

= closed abstraction interval. The interpretation context �protocol CCTG-522� wasinduced by the event of protocol CCTG-522 administration and, for that particular event, iscontemporaneous with it.

Chapter 4: Knowledge-Based Temporal Abstraction1374.2.1 The Context-Forming MechanismAbstractions are meaningful only within the span of a relevant context interval,such as �treatment according to AIDS protocol CCTG-522,� or �administration ofAZT, as part of protocol CCTG-522,� or �known diagnosis of AIDS.� Contextintervals create a relevant frame of reference for interpretation, and thus enable atemporal-abstraction mechanism to conclude relevant abstractions for thatcontext. Context intervals are created by the context-forming mechanism.As was mentioned in Section 4.1 when defining DIRCs, context intervals can beinduced by several types of propositions. Context intervals might be inferred bythe existence of an abstraction-goal interval, such as �diagnosis of chronic graft-versus-host disease states� or �therapy of insulin-dependent diabetes,� or by theexistence of an event interval, that is, an external process or action, such astreatment in accordance with a protocol. (Typically, events are controlled by thehuman or by an automated planner, and thus are neither measured data, nor canthey be abstracted from the other input data, such as from input parameterpropositions.) A context interval can also be induced by the existence of aparameter interval which includes a context-forming parameter proposition <p, n,x>�namely, the value n of the parameter p, in the context x, is sufficientlyimportant to change the frame of reference for one or more other parameters(e.g., the LOW value of the Hb_STATE abstract parameter in the context ofprotocol CCTG-522 might affect the interpretation of WBC values).As defined in Section 4.1, a composite interpretation context can be composed froma conjunction of single, or basic, interpretation contexts that have a SUBCONTEXTrelation. A composite interpretation context is often induced by an eventchain�a connected series of events <e1, e2,...,en>, where ei+1 is a subevent of ei.In that case, the composite interpretation context would denote an interpretationcontext induced by a more specific component of a event, such as administrationof a particular drug as part of a certain protocol. Note that subevents of an eventtypically induce interpretation contexts that have a SUBCONTEXT relation to theinterpretation context induced by the event. This knowledge can be used as a

Chapter 4: Knowledge-Based Temporal Abstraction138default in the context ontology, and can also be exploited during a manual orautomated knowledge-acquisition process, either for knowledge elicitation or forknowledge verification and cross-validation.The context-forming mechanism also operates on the induced context intervals.One operation is temporal intersection of context intervals. Compositeinterpretation contexts are interpreted over a context interval formed from atemporal intersection of two or more context intervals whose respectiveinterpretation contexts form a composite interpretation context by belonging tothe SUBCONTEXT relation, as defined in Section 4.1. The temporal intersectionoperation is relevant for context intervals that have one of the following Allenrelations: EQUAL, OVERLAPPS, STARTS, FINISHES, DURING (see Figure 3.1). A newcontext interval is created, whose temporal scope is the intersection of the two ormore corresponding temporal intervals (that is, the set of time stamps includedin the temporal scope of all the participating context intervals). Anotheroperation is temporal concatenation of context intervals. Interpretation contextsare assumed as default to be concatenable propositions (see Sections 3.1.6 and4.2.3); thus, meeting context intervals whose interpretation contexts are equal canbe joined into longer context intervals over which the same interpretation-contextproposition can be interpreted. (The temporal concatenation operation is thusrelevant when the two context intervals have a MEETS relation (see Figure 3.1).)An interpretation context might be relevant for only certain abstractions, such asfor detecting anticipated (but only potential) complications after a procedure. Itmight also be a context inferred for the past. Thus, a context-forming propositioninterval can create a context envelope that might include, in addition to a directcontext (concurrent with the temporal scope of the proposition�s interval)retrospective context intervals (e.g., the preceding prodrome of a disease),prospective (or expectation) context intervals (e.g., potential complications), orboth. Note that, intuitively, retrospective interpretation contexts represent aform of abductive reasoning (e.g., from effects to causes, such as precedingevents and abstractions), while prospective interpretation contexts represent a

Chapter 4: Knowledge-Based Temporal Abstraction139form of deductive reasoning (e.g., causal reasoning, such as from an event topotential future complications).Since the four temporal measures of a DIRC, representing temporal constraintsover an induced context interval with respect to the start time and the end timeof to the inducing proposition, can be positive, negative, or infinite timemeasures, the context interval induced by a context-forming proposition canhave any one of the 13 binary temporal relations�as defined by Allen [1984] anddiscussed in Section 3.1.4 (e.g., BEFORE, AFTER, or OVERLAPS)�to the time intervalover which the inducing proposition is interpreted (Figure 4.2). Since a context-forming proposition can be an inducing proposition in more than one DIRC, itcan induce dynamically one or more contexts, either in the past, the present, orthe future, relative to the temporal scope of the interval over which it isinterpreted (see Figure 4.2). That is, a context-forming task, event, or parameterproposition, might appear in a set of DIRCs (see Figure 4.2). I discuss theimplementation implications of DIRCs in Section 5.2.The context-forming mechanism creates retrospective and prospective contextsmainly to enable the use of context-specific temporal-abstraction functions, suchas the correct mapping functions related to ABSTRACTED-INTO relations and therelevant maximal-gap (D) functions (that will be discussed at length in Section4.2.4), that should not be considered in other contexts. Creation of explicitcontexts enables the temporal-abstraction mechanisms both to focus on theabstractions appropriate for particular contexts, such as expected consequencesof a certain event, and to avoid unnecessary computations in other contexts. Inaddition, the ability to create dynamically retrospective contexts enables a formof hindsight ([Russ, 1989] (see Section 3.2.4), since the interpretation of thepresent and future (and thus the inferrence of new parameter propositions) caninduce new interpretation contexts for the past and thus shed new light on olddata.

Chapter 4: Knowledge-Based Temporal Abstraction140

+2W+4WCCTG-522_AZT-toxicity interpretation contextAZT-administration event

(a)+4W+¥

-6W-2WHepatitis BHB prodromeChronic active hepatitis

(b)CCTG-522 protocolFigure 4.2: Dynamic induction relations of context intervals (DIRCs).(a) A direct/prospective overlapping AZT-toxicity interpretation context induced by theexistence of an AZT-administration event in the context of the CCTG-522 AIDS-treatmentexperimental protocol. The interpretation context starts at least 2 weeks after the start of theinducing event, and ends at most 4 weeks after the end of the inducing event. Note thatstructural knowledge about the PART-OF relation of the CCTG-522 protocol event and the AZT-administration subevent and the context-subcontext relation between the two interpretationcontexts induced by these events are also required to create the interpretation context of �AZT-therapy—toxicity within the CCTG-522 protocol.�(b) Prospective (chronic active hepatitis complication) and retrospective (hepatitis B prodrome)interpretation contexts, induced by the external assertion or internal conclusion of a hepatitis Babstraction interval, which is flagged as a context-forming abstraction in the parameter ontology.Note the temporal constraints.

= event interval;

= closed context interval;

= open context interval; =abstraction interval.

Chapter 4: Knowledge-Based Temporal Abstraction141There is another advantage to the fact that parameter propositions include anexplicit interpretation context. Since several different context intervals (duringwhich different interpretation contexts hold) can coexist temporally (that is,concurrently), it is possible to represent several abstraction intervals where thesame abstract paarameter (e.g., the state abstraction of the Hb-level parameter) hasdifferent values at the same time�one for each valid and relevant context (e.g., twocontemporaneous parameter intervals, LOW(Hb) in the context of having AIDSwithout complications, and NORMAL(Hb) in the context of being treated by theCCTG522 protocol when AZT is administered and has expected side effects).Thus, the context-forming mechanism supports maintenance of severalconcurrent views of the abstractions in the resultant abstraction database,denoting several possible interpretations of the same data. This is one of thereasons that parameter propositions (including, as I show in Section 5.4,temporal-pattern queries to the abstraction database) must include aninterpretation context.Dynamic induction of context intervals by parameter propositions might lead tonew interpretations of the some parameters, thus potentially inducing newcontext intervals within which the original parameter value (e.g., the inputdatum) might have new interpretations. However, it can be shown that there areno contradictions or infinite loops in the reasoning process of the context-formingmechanism.Claim 1: The context-forming process has no �oscillation cycles� amongdifferent interperations of the same parameter.Proof: Parameter propositions are not retracted by the addition of a newinterpretation context. Rather, a new interpretation is added to the set of trueparameter propositions. (As I show in Section 4.2.6, retractions can occur due tothe nonmonotonic nature of temporal abstraction, but in different circumstances.)Therefore, if a parameter proposition <p, n1, x1> induces a new interpretationcontext x2 over some interval, and within the scope of that interval the parameterp is interpreted to have another value, a new parameter proposition

Chapter 4: Knowledge-Based Temporal Abstraction142<p,˚n2,˚x1>would simply be inferred and added to the set of true propositions.This, of course, creates no contradictions since the parameter p�or someabstraction of p, say, state(p)�is interpreted within two different contexts andcan thus have two different values at the same time. oClaim 2: The context-forming process is finite.Proof: The total number of different interpretation contexts that, potentially, canbe inferred (including composite ones) is limited by an existing upper bound: thesize of the context ontology and the number of potential subcontext chains(analogous to event chains) of interpretation contexts that have SUBCONTEXTrelations. Furthermore, for each parameter p, the number of possible inducedcontext intervals is bound by the number of DIRCs in which a parameterproposition including p is an inducing proposition. Since claim 1 ascertainedthat there are no contradictory loops either, the process must end for any finitenumber of input (interval-based) propositions. oThe separation between propositions and the contexts they induce (as explicitlymodelled by DIRCs) enables us to be flexible with respect to the temporal scopeof the induced context interval (relative to that of the inducing event, parameteror task interval). The separation enables us to model the induction of multipledifferent (in type and temporal scope) context intervals by the same proposition.In addition, the same interpretation context (e.g., a certain type of bone marrowtoxicity) might be induced by different propositions, possibly even of differenttypes (i.e., different event schemas) and at different times (e.g., several types ofchemotherapy and radiotherapy events). The domain�s temporal-abstractionontology would then be representing the fact that, within the particularinterpretation context induced by any of these propositions (perhaps withdifferent temporal constraints for each proposition), certain parameters would beinterpreted in the same way (e.g., the state of Hb, allowing us to represent theproperties of the state(Hb) parameter within a bone-marow—toxicity contextinterval without the need to list all the events that can lead to the creation of sucha context interval)).

Chapter 4: Knowledge-Based Temporal Abstraction143Additional important distinctions are enabled by the explicit use of interpretationcontexts and DIRCs. Usually, abstractions are specific to a particularinterpretation context, and cannot be joined (by the temporal inference ortemporal interpolation mechanisms) to abstractions in other interpretationcontexts (e.g., two LOW(Hb_STATE) abstractions might denote different ranges intwo different subcontexts of the same interpretation context induced by achemotherapy-protocol event). This restriction is reasonable, since the primaryreason for having contexts is to limit the scope of reasoning and of theapplicability of certain types of knowledge. Parameter propositions including abasic (single) interpretation context, or a composite one (as defined in Section 4.1),are said to be interpreted within a simple interpretation context. However, as Ishow in more detail when presenting the R�SUM� temporal-abstractionontology in Chapter 5, it is both desirable and possible to denote that, for certainclasses of parameters, contexts, and subcontexts, the abstractions are sharableamong two meeting context intervals (with different interpretation contexts).Such abstractions denote the same state, with respect to the task-relatedimplications of the state, in all sharing contexts. For instance, two meetingLOW(Hb) abstractions might indeed denote different ranges in two differentcontexts, and the Hb_State parameter might even have only two possible valuesin one context, and three in the other, but the domain expert might want toexpress the fact that the LOW value of the Hb_State abstraction might still bejoined meaningfully to summarize a particular hematological state of the patient.The sharable abstraction values would be defined within a new, unified (orgeneralized), interpretation context, that is equivalent neither to either of thetwo shared subcontexts (e.g., those induced by two regimens within the CCTG-522 protocol), nor to their parent context (e.g., the one induced by the CCTG-522protocol itself, within which the Hb_STATE parameter might have yet another,default, LOW(Hb) range, for instance). This unified context can be viewed as ageneralization of two or more subcontexts of the parent interpretation context.Note that Fagan�s VM system [Fagan, 1980] (see Section 3.2.3) assumed by defaultthat all contexts for all parameters are sharable. Thus, if VM were invoked in thehematology domain, it would enable a rule such as �LOW Hb values and LOW

Chapter 4: Knowledge-Based Temporal Abstraction144WBC counts imply a suppression of the bone marrow� to be lifted [Guha, 1991]out of one context and used in another context, where the antecedents of the ruledenote, in fact, different propositions, since LOW(Hb) might mean differentranges in different contexts. The context and parameter ontologies permit adefinition of such a lift operation in a more controlled, context- and value-sensitive, fashion.Finally, note that we might want to abstract the state of a parameter such aspreprandial glucose, over the context of two or more temporally disjoint, butsemantically equivalent, interpretation contexts (e.g., the PRELUNCH andPRESUPPER interpretation contexts are both PREPRANDIAL interpretation contexts).We might even want to create such an abstraction within only a particularpreprandial context (e.g., a PRESUPPER preprandial interpretation context)skipping intermediate preprandial contexts (e.g., PREBREAKFAST and PRESUPPERinterpretation contexts). This interpolation is different from sharing abstractionsin a unified interpretation context, since the abstractions in this case are createdwithin the same interpretation contexts, but the interpolation operation joiningthem needs to skip temporal gaps, including possibly context intervals of verwhich different interpretation contexts hold. The output would thus be a newtype of a parameter interval�a nonconvex interval, as defined by Ladkin (seeSection 3.1.4). A LOW(glucose) abstraction would be defined, therefore, withinthe nonconvex context of �prebreakfast episodes.� Note that parameterpropositions within such a nonconvex context will have different temporal-semantic inference properties (see Section 4.2.3) than when the same parameterpropositions are created within a simple, convex, context. For instance,propositions will usually not be downward hereditary (see Sections 3.1.6 and 4.2.3)in the usual sense of that property, unless subintervals are confined to only theconvex or nonconvex intervals that the nonconvex superinterval comprises (e.g.,only morning times).We can now represent the interpretation context of a parameter proposition as acombination of simple (basic or composite), unified, and nonconvexinterpretation contexts. Assume that a Unif (unify) operator returns the

Chapter 4: Knowledge-Based Temporal Abstraction145unifying-context parent (if it exists) of a parameter proposition in the parameter-properties ontology. Assume that a Gen* (generalize) operator, that generalizesthe Unif operator, returns the least common unifying-context ancestor (if itexists) <p,˚n,˚xu>of two parameter propositions <p,˚n, x1>, <p,˚n, x2>, in which theparameter p and the value n are the same, but the interpretation context isdifferent. Assume that an N C (nonconvex) operator returns (if it exists) thenonconvex-context version of a parameter proposition. Then, the parameterproposition that represents the nonconvex join (over disjoint temporal spans) oftwo parameter propositions in which only the interpretation context is differentcan be represented asNC (Gen* (<p,˚n, x1>, <p,˚n, x2>).For instance, we would first look for a generalizing interpretation context for theGlucose_State abstractions in the PRELUNCH and PRESUPPER interpretationcontexts, in this case the PREPRANDIAL one; then we would represent theparameter proposition �low preprandial glucose-state values� asLOW(Glucose_State) in the nonconvex extension of the PREPRANDIALinterpretation context. This proposition would be interpreted over some timeinterval to form a parameter interval. Both the unified and the nonconvexinterpretation contexts would appear in the context ontology.In summary, the knowledge required for forming context intervals includes:¥ an ontology of event schemas and propositions, including the PART-OFrelation¥ an ontology of parameter schemas and propositions¥ an ontology of interpretation contexts, including the SUBCONTEXT relation¥ the set of abstraction-goal propositions¥ The set of all DIRCs.

Chapter 4: Knowledge-Based Temporal Abstraction1464.2.2 Contemporaneous AbstractionThe contemporaneous-abstraction mechanism accepts as input one or moreparameter points or intervals and returns as output an abstraction point orinterval (see Figure 1.4). One type of knowledge required by thecontemporaneous-abstraction mechanism is structural knowledge, such as theABSTRACTED-INTO relation mentioned in Section 4.1 (the relation that defines thefact that the values of one or more parameters are abstracted into the value ofanother, abstract parameter).The time stamps of all the time intervals of the input parameter points orintervals must be equivalent (a domain- and task-specific definition). Forinstance, if the task has DAY as the lowest granularity level, parameters measuredat different hours of the same day might be considered to have the same timestamp. In addition, temporal dynamic knowledge about the dynamic behavior ofthe parameters involved might be required, such as expected persistence (validity)of a measurement both before and after that measurement was actually taken.Such temporal-dynamic knowledge enables abstraction of primitive or abstractparameter values that have been recorded as valid at different times (e.g., the Hblevel was measured on Tuesday, but the WBC count is not known untilThursday, and a bone-marrow—state abstraction requires both parameters). I willsay more about persistence of truth-values of propositions in Section 4.2.4.1.Contemporaneous temporal abstraction is used for two related subtasks. Thefirst is classification of the value of the parameter of an input parameter point orparameter interval. Examples include HIGH, MEDIUM, or LOW WBC count values,or any finite set of domain-specific categories (see Figure 4.1). The knowledge-acquisition requirements include a list of states, as well as range tables that mapprimitive- or abstract-parameter values into discrete-state values. Theclassification might be sensitive to other parameters (e.g., the patient�s age) andto the relevant interpretation context (e.g., a chemotherapy-protocol event). Thesecond purpose, computational transformation, is really an extension ofclassification. It uses a function that maps the values of one or more parameters

Chapter 4: Knowledge-Based Temporal Abstraction147into the value of another, abstract, parameter. For example, a transformationfunction might compute the percentage of white blood cells that are lymphocytesat a specific time point and map that value into a predefined category. Thiscategory might depend on the context. Thus, computational transformationmight use additional parameters, might involve additional computation, andmight require special function tables (which I discuss in Section 5.1) that arespecific for the domain, the task, and the context.Note that the computational-transformation subtask is a very general one, andmight involve computing a given �black-box� function. In Section 5.1, I discussseveral measures used in the R�SUM� system to reduce the ambiguity of suchfunctions and to increase the amount of potential automated reasoning possibleregarding such functions. Such measures include, for instance, the disciplineduse of classification tables with predefined semantics, when possible, and theexplicit representation of ABSTRACTED-INTO relations and qualitative-dependencies relations in the parameter ontology. Nevertheless, thecomputational-transformation functions might be arbitrarily complex, eventhough their management and use is disciplined.Both subtasks need vertical classification knowledge, a subtype of theclassification knowledge type, that is relevant for mapping contemporaneousparameter values into another, contemporaneous value of a new parameter. Foreither purpose, I distinguish between single-parameter contemporaneousabstraction, which maps a single parameter directly into its state-abstractionvalues, and multiple-parameter contemporaneous abstraction, which maps severalparameters into one abstract value. As I explain in Section 4.2.4, the distinctionbetween single- and multiple-parameter contemporaneous abstractions mightaffect the definition of q-abstraction types denoting changes in an abstractparameter across time intervals. For instance, with respect to the values of thegradient abstraction type, an abstract parameter might be defined as INCREASINGif all the parameters from which it is abstracted that are qualitatively proportionalto it [Forbus, 1984] are INCREASING themselves, although the value of the stateabstraction of the parameter has not changed.

Chapter 4: Knowledge-Based Temporal Abstraction148Other possible approaches to the problem of vertical classification�that is,mapping of several parameter values into discrete categories at the same time�and the implications that these approaches would have for the knowledge-acquisition requirements, are discussed in Section 8.4.4. Whatever the approach,however, an abstraction is attached to the time interval that is the intersection ofthe temporal attributes of all the parameter intervals from which the abstractionis created. Efficient approaches for representation of classification knowledge arediscussed in Section 5.1.1.In summary, the knowledge required for forming contemporaneous abstractionsis an ontology of parameter schemas and propositions that includes:¥the ABSTRACTED-INTO relation¥vertical-classification knowledge, as range-classification tables¥vertical-classification knowledge, as computational-transformationfunctions¥the appropriate interpretation contexts for applying each type of vertical-classification knowledge¥local-persistence temporal dynamic knowledge.4.2.3. Temporal InferenceThe temporal-inference mechanism involves logically sound inference regardinginterpretation of a proposition or a combination of propositions over one or moretemporal intervals. The temporal-inference mechanism performs two relatedsubtasks: temporal-semantic inference and temporal horizontal inference. Bothsubtasks involve very restricted forms of temporal inference.Temporal-semantic inference employs a set F of domain-specific temporal-semantic properties of parameter propositions, an extension of Shoham�spropositional properties [Shoham, 1987] (see Section 3.1.6) to a set of temporal-inference actions. Temporal-semantic inference can be performed in several

Chapter 4: Knowledge-Based Temporal Abstraction149ways, depending on the input types and the temporal-semantic properties thatapply. It accepts as input either one abstraction and a time (or context) interval,or two abstraction intervals. It returns as output an abstraction interpreted overeither the time (or context) interval, or a newly defined superinterval of the twoabstraction intervals (see Figures 1.5 and 4.1). The time intervals of the two inputabstractions can have, in general, any of Allen�s 13 binary temporal relations[Allen, 1984] (see Section 3.1.4) except BEFORE and AFTER (i.e., there must be nogap between the intervals; the case where a temporal gap exists is discussed inSection 4.2.3; it is handled by the interpolation mechanism). The resultingconclusion holds for the intersection or the union of the intervals. In the case ofone abstraction and a time interval, the relations include STARTS, FINISHES,DURING, and the inverses of these relations (see Section 3.1.4); the inferredconclusion would hold for the duration of the input time interval.For instance, certain propositions, when known at interval I1, can be inferred forevery subinterval I2 that is contained in I1 (e.g., the characterization �patient is incoma�). These propositions have the inferential property that I referred to inSection 3.1.6 as downward hereditary [Shoham 1987] (see Figure 1.5b). That is,the downward-hereditary property of these proposiitons has the value TRUE. Thisproperty, however, is not true, for instance, in the case of the NONMONOTONICgradient abstraction, for any parameter. Using the temporal-abstractionontology, the downward-hereditary temporal-semantic inference can beexpressed as follows (universal quantifiers have been dropped):Input: abstraction <p1, n1, x, I1>, time interval I2Conditions: I2 DURING I1 and <p1, n, x> is DOWNWARD HEREDITARYand � [<p2, n2, x, I1>, n1 „ n2]Conclude: abstraction <p1, n1, x, I2>The interval I2 is the temporal element of some other entity (e.g., an existingabstraction). The negative condition is checked to ensure consistency; if all other

Chapter 4: Knowledge-Based Temporal Abstraction150conditions succeed but this condition fails, the inference returns FALSE: anindication for a contradiction (this situation will be discussed later in this section).To join two meeting abstraction intervals (e.g., two intervals previously classifiedas DECREASING for the gradient abstraction of some parameter) into one(super)interval (e.g., a longer DECREASING abstraction of that parameter), weneed another inferential property�namely, the claylike property [Shoham andGoyal, 1988] also called the concatenable property [Shoham, 1987] (see Figure1.5a). That is, we need a TRUE value for the concatenable property of theDECREASING value of the gradient abstraction of that parameter in that context.A parameter proposition is concatenable if, whenever it holds over twoconsecutive time intervals, it holds also over their union. The input for theinference action in this case includes two abstraction intervals over which thesame parameter proposition holds; the output, if the inference is relevant, is theabstraction (super)interval. (When the values of the same parameter are differentfor the two parameter propositions, we need horizontal classification knowledge; seelater in this section). For instance, when the proposition �the patient had HIGHblood pressure� is true over some interval as well as over another interval thatthat interval meets, then that proposition is true over the interval representingthe union of the two intervals. Note that two meeting, but different, 9-monthpregnancy episodes are not concatenable, since it is not true that the patient hadan 18-month pregnancy episode.Additional useful inferential properties for parameter propositions, originallydefined by Shoham for general propositions, are gestalt and solid [Shoham, 1987](see Section 3.1.6). A parameter proposition is gestalt if it never holds over twointervals, one of which properly contains the other (e.g., the interval over whichthe proposition �the patient was in a coma for exactly 2 weeks� is true cannotcontain any subinterval over which that proposition is also true). A parameterproposition is solid if it never holds over two properly overlapping intervals(e.g., �the patient received a full course of the current chemotherapy protocol,from start to end,� cannot hold over two different, but overlapping intervals). In

Chapter 4: Knowledge-Based Temporal Abstraction151both case, the input to the inference action includes two abstraction intervals, andthe conclusion is simply FALSE if a contradiction is detected.I have defined additional inferential properties (and implied temporal-inferenceactions), such as universally diffusive: The parameter proposition can beinferred for any superinterval of the proposition interval, in a particular context.This property is assumed to have the value FALSE,, as a default. (However, theNONMONOTONIC value of the gradient abstraction proposition for all parametersand contexts has the universally-diffusive inferential property as default, sincetypically any interval including a NONMONOTONIC interval is NONMONOTONICfor that parameter.) Constant parameters, however (e.g., gender), can beassumed, as a default, to be universally diffusive for all contexts, once their valueis set for some interval. Constant parameters, although usually consideredatemporal, can therefore be modeled as temporal parameters that have theuniversally-diffusive inferential property, as well as the downward-hereditaryproperty. Thus, they can induce corresponding interpretation-context intervals.In fact, the universally diffusive property can be refined further. Somepropositions are naturally only backward diffusive�that is, they are true as adefault only from -¥ up to the time in which they are known to be valid (e.g.,�the patient was living in England until now,� and other propositions of the type�P is true until now,� are backward diffusive, and, when asserted at any time [t,t], hold over the interval [-¥, t]). Other propositions are naturally forwarddiffusive; that is, they are true as default only from the present until +¥ (e.g.,�the patient had a liver transplant,� and other propositions of the type �P wastrue in the past�). Note that the input in the case of the three diffusive propertiesincludes an abstraction interval and a context interval; the output, if the inferenceholds, is an abstraction interval where the scope of the temporal element varies,dependent on the scope of the input abstraction and context intervals.Defaults for the temporal inferential properties of propositions exist and can beoverridden for any specific parameter, value and context by the knowledgeengineer defining the basic concepts and entities of the task, or by the domainexpert elaborating the temporal-abstraction knowledge. The temporal-semantic

Chapter 4: Knowledge-Based Temporal Abstraction152knowledge for a domain can be summarized as a relation which I call aninference-properties table, where every tuple in the relation (p,˚n ,˚f,˚t,˚x)represents that the inferential property f ˛ F, for value n, of parameter p, in thecontext x, has the truth value t (t˚˛ {TRUE, FALSE}). The parameter p is assumedhere to include its abstraction type.Most temporal-semantic properties have, as a default, values that are stable overmany domains; thus, the inference-properties table can be defined at a high,domain-independent level, and modified for particular parameters only whennecessary. Both the downward-hereditary property and the concatenableproperty can be assumed to have the value TRUE as a default for mostabstractions, as well as for interpretation contexts, unless specified otherwise.The solid and gestalt properties can be assumed to be TRUE by default, althoughthe values of these properties can vary. The three diffusive properties areassumed to have the value FALSE by default. External events are considered asnonconcatenable and solid as a default, but interpretation contexts are assumed, as adefault, to be downward hereditary and concatenable.The temporal-semantic inference subtask uses the temporal-semantic propertiesfor two types of conclusions:1. Positive inference: Creation of new abstractions, as when the downward-hereditary property is used to interprete a parameter proposition over asubinterval of the input abstraction interval2. Negative inference: Detection of contradictions, such as when a parameterproposition for which the gestalt temporal-semantic property has the valueTRUE is detected within the temporal scope of an identical parameterproposition. (In that case, following the contradictory inference, we need todecide which parameter proposition, if any, should be retracted, and how topropagate the results of such a retraction to the rest of the abstractiondatabase. I discuss this case in Section 4.2.6.)

Chapter 4: Knowledge-Based Temporal Abstraction153If two abstractions containing the propositions j1, j2 overlap and there is avertical classification rule such that j1 and j2 =>j3, we cannot immediately inferf3 over the intersection interval I. Both j1 and j2 must be downward hereditary.In that case, j3 is necessarily true over I at our current state of information(unless new data invalidate that conclusion). If j1 is gestalt, we cannot infer j3;we can infer, however, that j1 is necessarily false over I. Finally, if j1 is notdownward-hereditary but is not gestalt, (e.g., the NONMONOTONIC(blood pressure)parameter proposition) we can conclude only that j1 is possibly true over I, or,equivalently, is possibly false. New data can change the truth value of theproposition j1 over I to either necessarily true or necessarily false. Similaranalysis holds for other temporal relations between interval-based propositions,leading to a modal logic [Hughes and Cresswell, 1968] of combiningpropositions over time. (Modal logics usually define operators overpropositions, such as Lp ” necessarily p, and Mp ” possibly p. In fact, one operatoris sufficient: Lp ” ´M´p.) Thus, answering a temporal query involving one ormore inferred parameter propositions might generate, in principle, answers suchas �the value n for parameter p is possibly true during the period denoted byinterval I.�The second temporal-inference subtask is temporal horizontal inference. Thissubtask determines the value of the join operation (¯) of two meeting abstractionintervals in the same context, where the same parameter has equal or differentvalues (e.g., one over which the parameter is abstracted as INCREASING, and oneover which the parameter is abstracted as DECREASING) into an abstractionsuperinterval (e.g., with a parameter value NONMONOTONIC). It uses, apart fromtemporal semantic knowledge (i.e., whether the concatenable property of theparameter has the value TRUE), horizontal classification knowledge. Note thatsuch knowledge is a classification-type knowledge. In general, a horizontal-inference table should be constructed for all the task-relevant abstractioncombinations, possibly specialized also for the context. A horizontal-inferencetable is a relation that includes tuples of the form (p,˚n1,˚n2,˚n3,˚x), meaning that,for parameter p (assuming that p includes its abstraction type), when an

Chapter 4: Knowledge-Based Temporal Abstraction154abstraction interval with parameter value n1 meets an abstraction interval withparameter value n2, in the context x, the value of the parameter of the joinedabstraction interval should be n3. That is, n1 ¯ n2 =n3. In a horizontal-inferencetable, it is assumed that concatenated abstractions are of the same type�forinstance, a state abstraction type (e.g., HIGH or LOW) or a gradient abstractiontype (e.g., INCREASING or SAME). The ¯ operator is the horizontal-join operator.In the case of the gradient abstraction type, I have defined a default, domain-independent horizontal-inference table, denoting a qualitative ¯ operation forjoining gradient-abstracted intervals. The default ¯ operation assumes that theset of allowed gradient-abstraction values is {DECREASING, INCREASING, SAME,NONINCREASING, NONDECREASING, NONMONOTONIC}. The abstractions SAME,DECREASING, and INCREASING can be the results of primary interpolation fromtwo parameter points (see Section 4.2.4) using standard algebra; the rest areconcluded only as the result of secondary abstractions of abstraction intervals(e.g., DECREASING ¯ SAME = NONINCREASING). The default ¯ operation can beviewed as a modification of the ¯ operation in the Q1 algebra (Williams, 1988), ifthe sign of the derivative of the parameter, whose gradient is abstracted in the Qialgebra, is mapped in the following fashion: {0}˚fi˚SAME, {+}˚fi˚INCREASING,{-}˚fi˚DECREASING, {?}˚fi˚NONMONOTONIC. I have added the NONINCREASINGsymbol for the set {0, -}, and the NONDECREASING symbol for the set {0,˚+}. It canbe easily proven that my extension still preserves associativity, that is,(X˚¯˚Y)˚¯˚Z˚=˚X˚¯˚(Y˚¯˚Z) and commutativity, that is, X˚¯˚Y˚=˚Y˚¯˚X. As usual,the problem of qualitative algebras remains: There is no additive inverse. Thus,we cannot reconstruct the values of the abstractions that were joined.7 Table˚4.1presents a summary of the default ¯ operation for the secondary gradient-abstraction operation.Most of the entries in the horizontal-inference table, for a particular applicationtask, can exist as domain-independent (or at least as context-independent)defaults. Otherwise, these entries can be filled in by the knowledge engineer; the

7The values still exist, of course, as part of the original input parameter propositions, since nodeletion occurs during horizontal inference, but they cannot be deduced from the conclusion.

Chapter 4: Knowledge-Based Temporal Abstraction155Table 4.1: The default horizontal-inference join (¯) operation for the gradient abstraction type.¯DECbNONINCSAMENONDECINCNONMON

DECaDECcNONINCNONINCNONMONNONMONNONMON

NONINCNONINCNONINCNONINCNONMONNONMONNONMON

SAMENONINCNONINCSAMENONDECNONDECNONMON

NONDECNONMONNONMONNONDECNONDECNONDECNONMON

INCNONMONNONMONNONDECNONDECINCNONMON

NONMONNONMONNONMONNONMONNONMONNONMONNONMON aRows denote the parameter value of the first abstraction.bColumns denote the parameter value of the second abstraction.cEntries represent the parameter values of the joined interval.DEC = DECREASING; INC = INCREASING; NONMON = NONMONOTONIC; NONINC =NONINCREASING; NONDEC = NONDECREASING.domain expert can add more abstraction values and then can define the result ofconcatenating meeting intervals already abstracted by temporal abstractions.As I show in Section 4.2.4, the horizontal-inference table is also used by thetemporal-interpolation mechanism.In summary, the temporal-inference mechanism requires an ontology ofparameter propositions that includes the following knowledge:¥ Temporal-semantic properties (an inference-properties table)¥ Horizontal classification knowledge (a horizontal-inference table).

Chapter 4: Knowledge-Based Temporal Abstraction1564.2.4 Temporal InterpolationThe temporal-interpolation mechanism accepts as input two parameter points,two parameter intervals, or a parameter interval and a parameter point, andreturns as output an abstraction, interpreted over a superinterval of the input�stime points or intervals, interpolating over the gap between these time intervals(see Figures 1.6 and 4.1). For instance, we need temporal interpolation to create aDECREASING gradient abstraction for a certain parameter over an interval, whenthe start-point parameter value in that interval is greater than the end-pointparameter value (and no parameter values of intermediate time points areknown), or when we are abstracting two sufficiently close interval abstractions ofLOW(WBC) counts, into a longer one (see Figure 4.1).We can distinguish between two types of temporal interpolation, depending onthe temporal component of the input. Primary interpolation accepts twoparameter points and returns an abstraction interval. Secondary interpolationaccepts two parameter intervals (or a parameter interval and a parameter point),and returns an abstraction (super)interval.The following presentation of the temporal-interpolation subtasks uses thedefault gradient-abstraction values (see Table 4.1). Note that even these high-level, essentially domain-independent values, in principle, can be modified, sincethe operations described are quite general.Primary state interpolation accepts two disjoint state-abstraction points T1, T2for the same parameter p (e.g., a state abstraction of p with the value LOW), andbridges the gap between them to infer a state-abstraction of p interpreted overthe interval [T 1, T2]. Primary gradient interpolation accepts two parameterpoints T1, T2 of the same parameter p and, if certain conditions hold, infers agradient abstraction of p interpreted over the interval [T1, T2] whose value isDECREASING, INCREASING, or SAME with respect to the change in p. Primary rateinterpolation infers rate abstractions; it classifies change rates in p (e.g., STABLE,SLOW, or other domain-specific values) between two parameter points of thesame parameter. Secondary state interpolation occurs when, from two state-

Chapter 4: Knowledge-Based Temporal Abstraction157abstraction intervals I1 and I2 of parameter p, a state abstraction of p is inferred,interpreted over a new interval Ij = [I1.start, I2.end]. An example is joining twosufficiently close (temporally) intervals over which the state abstraction of theWBC count has the value LOW. Secondary gradient interpolation infers, fromtwo gradient-abstraction intervals of parameter p, a gradient-abstraction(super)interval of p whose value is I N C R E A S I N G , DECREASING, SAME,NONDECREASING, N O N I N C R E A S I N G , or NONMONOTONIC (see Table 4.1).Secondary rate interpolation infers, from two rate-abstraction intervals ofparameter p, a rate-abstraction (super)interval of p. Note that a parameter, suchas the WBC count, might be abstracted as INCREASING in a certain interval withrespect to the gradient abstraction, might be abstracted as SLOW with respect tothe rate abstraction in that interval, and might be abstracted as NORMAL withrespect to the state-abstraction type. The three abstraction types are thus mostlyindependent, except for a possible correlation between the gradient and the rate(e.g., a value of the rate abstraction other than STABLE, or its domain-specificequivalent, might imply that the value of the gradient abstraction was other thanSAME).Temporal interpolation requires that the temporal distance between the two timepoints or intervals be less than a certain time gap. Within that time gap, thecharacterization of the parameter, as defined by the specific value of the givenabstraction (e.g., LOW or INCREASING), can then be assumed to hold. Themaximal allowed gap must be a domain-, task-, and context-dependent function(e.g., the maximal allowed gap for LOW(WBC) in the domain of oncology, thetask of caring for patients using protocols, and the interpretation context ofpatients receiving X-ray therapy). The interpretation context is usually induced(see Section 4.2.1) by events or other context-forming propositions that create acontext common to both joined intervals (e.g., an interpretation context inducedby a specific protocol, or by an abstraction that is supplied as part of the data,such as an AIDS diagnosis interval). The arguments of the maximal-gap functionfor each specified context include the parameter that we are abstracting and thespecific abstraction that we have in mind. They also include a measure of therate of change of the parameter before and after the time gap. As an

Chapter 4: Knowledge-Based Temporal Abstraction158approximation of the arguments affecting the rate of change, I use the length ofthe intervals before and after the gap. Thus, for every context x, I denote themaximal-gap function D a s D(p,˚n,˚L(I1),˚L(I2),˚x) of the specific abstractedparameter p (assuming that p includes its abstraction type) and the lengths L(I1),L(I2) of the intervals I1 and I2, to be joined in the context x into an interval withan abstraction value n . The D function returns the length of the maximaltemporal gap that still allows interpolation between I1 and I2. For instance, inany context, joining two intervals where the WBC-count state abstraction wasclassified as LOW into a longer interval whose WBC-count state abstraction isclassified as LOW depends on the time gap separating the two intervals, on theproperties of the WBC-count state abstraction for the value LOW in that context,and on the length of time in which the LOW property was known both before andafter the time gap (see Figure 4.1).A prerequisite to an interpolation operation is that the value n of the parameter pis has the value TRUE for the concatenable inferential property in the context x.This prerequisite involves temporal semantic knowledge represented in the inference-properties table, as discussed in Section 4.2.3.Similarly, deciding what is the value of the resulting abstraction when joining twoabstraction intervals with different values, n1 and n2, of the same parameter prequires using horizontal classification knowledge as it is represented in thehorizontal-inference table (see Section 4.2.3). In the latter case, both the temporal-semantic knowledge (inferential property) and the temporal-dynamic knowledge(D function) that are used for interpolation are those specific to the value n3 thatis the result of joining n1 and n2, n1 ¯ n2.In the following discussion, I shall usually omit the context argument of the Dfunction. In addition, the value of an abstraction (e.g., INCREASING) usuallyimplies the abstraction type (e.g., gradient), so the type of the abstraction usuallywill be omitted as well.If the temporal attributes I1 and I2 of two parameter intervals are sufficientlyclose, as judged by the relevant D maximal-gap function, for their parameter

Chapter 4: Knowledge-Based Temporal Abstraction159attribute p and the resultant (possibly joined) abstraction value n, I say thatI1˚�˚I2, or that I2 extendsI1, with respect to p,n. Note that primary interpolationis the initial constructor of abstraction intervals, since it joins two separate timepoints T1 and T2, where T1˚�˚T2 with respect to joining over some p, n, into anew interval [T1, T2], over which n is true for p. Thus, a necessary requirementfor primary interpolation is that L([T1, T2]) £ D(p,˚n,˚0,˚0), where L(I) is the lengthof I.Secondary state, gradient, and rate interpolation require additional conditions,apart from an upper bound on the gap between the intervals, to preserveconsistency. These conditions, as well as the maximal gap specified by themaximal-gap function, can be summarized by an extension of the horizontal-inference table, an interpolation-inference table, which defines the interpolationoperation for every abstract parameter (e.g., WBC_COUNT_STATE) andcombination of abstraction values (e.g., INCREASING and S A M E ). Aninterpolation-inference table represents both the horizontal classificationknowledge and the special temporal conditions that should hold between thetemporal elements of the involved abstractions, so that indeed I1˚�˚I2.For example, we need to check that, when we use secondary temporalinterpolation to join two DECREASING abstractions for p that are true over twointervals I1, I2, into a DECREASING abstraction for p over a superinterval Ij , thevalue of p has indeed decreased, or at least has not increased above a certainpredefined threshold during the time gap [I1.end, I2.start] (see Figure 4.1). Inother words, we have to check that I1.end.p ‡ I2.start.p—Cp, where Cp represents ameasurement variation for p�the maximal increment in parameter p, belowwhich a change in p will not be considered as an increase. Cp can be interpretedas a measurement error of p, or as a natural random variation of p over time, oras a clinically significant change of p, for a particular task, depending on thecontext. Cp is a function of p, ~c(p), that is defined either by the domain expert orthrough analysis of the distribution of p. In general, ~c(p) might also use acontext argument x and the initial value of p, I1.end.p (e.g., what is considered asa significant variation in the value of the granulocyte-count parameter might

Chapter 4: Knowledge-Based Temporal Abstraction160have a different value within the interpretation context BONE-MARROWDEPRESSION, and furthermore, when the last granulocyte-count value known isabstracted as VERY LOW).Using the Cp property, we can ignore minor absolute changes in the value of pthat are less than a certain threshold when we wish to identify general qualitativetrends. Furthermore, in the case of primary temporal interpolation for theINCREASING gradient abstraction, we require that T2.p — T1.p ‡ Cp. Similarly, inthe case of primary temporal interpolation for the DECREASING gradientabstraction, we require that T1.p — T2.p ‡ Cp. In the case of primary temporalinterpolation for the S A M E gradient abstraction, we require that |T2.p˚-˚T1.p|˚£˚Cp.Table 4.2 provides an example of the secondary temporal-interpolation operationfor extending a DECREASING abstraction in a given context.In certain cases, the secondary interpolation operation also can be interpreted asfollows: If parameter p can be interpolated by primary interpolation as, forexample, DECREASING over the gap interval Ig between the two abstractions I1and I2 (Ig = [I1.end,˚I2.start]), then we infer a DECREASING abstraction of p over Ig.That is, we infer by interpolation that DECREASING([I1.end, I2.start], p). At thispoint, the temporal-inference mechanism suffices to infer DECREASING(Ij, p) byiterative joining of I1, Ig, and I2. However, in general, an overall INCREASING orDECREASING abstraction might be created even when the gap interval could onlybe abstracted as SAME, since the secondary interpolation operation considers theabstractions both before and after the gap.The temporal-interpolation mechanism can be seen as a heuristic extension of thelogically-sound temporal-inference mechanism, for the particular case when thetemporal-semantic—inference subtask joins meeting, concatenable, abstractions.Alternatively, the specific use of the temporal-inference mechanism forconcatenating two meeting parameter intervals (possibly after computing thevalue of the resultant joined abstraction to check if it is concatenable) can be

Chapter 4: Knowledge-Based Temporal Abstraction161Table 4.2: An interpolation-inference table representing the secondary temporal-interpolationoperation for extending a DECREASING value of the gradient abstraction.Interval I1abstraction forparameter pInterval I2abstraction forparameter pAdditional requiredconditions for theinterpolation operationaTemporal-interpolationresultb

DEC(I1, p)DEC(I2, p)1)I1.end.p ‡I2.start.p—Cp2)I2.start—I1.end £D(p, DEC, L(I1), L(I2))DEC(Ij, p)

DEC(I1, p)INC(I2, p) —————————————NONMON(Ij, p)

DEC(I1, p)NONDEC(I2, p) —————————————NONMON(Ij, p)

DEC(I1, p)NONINC(I2, p)1) I1.end.p ‡I2.start.p—Cp2)I2.start—I1.end £D(p, NONINC, L(I1), L(I2))NONINC(Ij, p)

DEC(I1, p)SAME(I2, p)1) I1.end.p ‡I2.start.p—Cp2) I2.start—I1.end £D(p, NONINC, L(I1), L(I2))NONINC(Ij, p)

DEC(I1, p)NONMON(I2, p) —————————————NONMON(Ij, p) aD is the maximal-gap function for the parameter p in the context containing both intervals; Cp isthe threshold increment defined for p. in that context.bIj= [I1.start, I2.end], or the joined temporal intervalDEC = DECREASING; INC = INCREASING; NONMON = NONMONOTONIC; NONINC =NONINCREASING; NONDEC = NONDECREASING.modeled as a private case of temporal interpolation. As noted above, however,the conclusions of the temporal-interpolation mechanism often override thesomewhat weaker conclusions of the temporal-inference mechanism (e.g., astronger conclusion of a DECREASING abstraction might be formed for a joinedinterval, ignoring a potentially SAME intermediate gap interval, instead of theweaker NONINCREASING abstraction that would be formed if the gap interval

Chapter 4: Knowledge-Based Temporal Abstraction162were abstracted only as SAME; see Figure 4.1 in the case of the creation of intervalI7 from intervals I5 and I6).multiple-parameter interpolation: The case of creating gradient and rateabstractions by primary interpolation from point abstractions of abstractparameters whose values are concluded by a multiple-parametercontemporaneous (state) abstraction is somewhat special. The primaryinterpolation mechanism should first check whether there exists at least anordinal scale for the possible output states; otherwise, there is no meaning to thegradient and rate abstractions. Even if the resulting states can be ranked at leaston an ordinal scale (for gradient abstractions) or on an interval scale (for rateabstractions), there are, in general, two options regarding the meaning of thegradient- or rate-interpolation operation for multiple-parameter pointabstractions. The direct option is to consider the state values of the abstractparameter as the latter�s only values, assuming (for a gradient abstraction) thatthey are ranked on the ordinal scale from lowest to highest (e.g., LOW,MODERATE, HIGH, EXTREME). Then, we specify that an interval spanning thedistance between two multiple-parameter state abstractions also can haveattached to it, for instance, an INCREASING gradient abstraction, if and only if apositive change in the rank of the states of the two end points of the abstractedinterval has taken place. An equivalent definition can apply to rate abstractions.The indirect option, which I call a trend abstraction, is to define the meaning ofan INCREASING primary interpolation either for a single- or multiple-parameterabstraction such that, if all the qualitatively proportional parameters determiningp are INCREASING, then p can be abstracted as INCREASING, even if the value of itsstate over the interval I has not changed. To denote the direction of thequalitative relationship, I use the notation pi ˚�Q+˚pj or pi ˚�Q-˚pj . This notationis taken from Forbus [1984] and means, in the case of pi ˚�Q+˚pj, that pi isqualitatively proportional to pj (i.e., there is a function that determines pi, whichis monotonically increasing in its dependence on pj). In the case of pi˚�Q-˚pj, thedependence is monotonically decreasing. Thus, the INCREASING value of the

Chapter 4: Knowledge-Based Temporal Abstraction163gradient abstraction would be defined indirectly in the following recursivefashion:1. A primitive parameter p is INCREASING over interval I if all conditions holdfor the primary INCREASING interpolation of p over I (i.e., the time gap isless than or equal to D(p,˚INC,˚0,˚0) function, and the parameter-valuechange direction and change magnitude of p are consistent with theinterpolation-inference table constraints over Cp).2. An abstract parameter p is INCREASING over interval I if the value (rank) ofthe (state) abstraction of p has increased between I.start and I.end (i.e.,I.start.p < I.end.p), and the other conditions for primary interpolation of phold.3. An abstract parameter p is INCREASING over interval I ifa. The value of p in the beginning of I is the same as the value of p in theend of I (i.e., I.start.p˚=˚I.end.p).b. All the abstract or primitive parameters pi from which the stateabstraction of p is mapped, such that p˚�Q+˚pi, can be abstracted asINCREASING.c. All the abstract or primitive parameters pj from which the stateabstraction of p is mapped, such that p˚�Q-˚pj, can be abstracted asDECREASING.d. All other conditions for primary INCREASING interpolation of p hold.Note that I have used a strong definition for INCREASING. A weaker definition ispossible: I could require that at least one positively proportional parameter that ismapped into p should be INCREASING, or that at least one negatively proportionalmapping parameter be DECREASING, and that the other parameters need only tobe abstracted as SAME (or else to be abstracted as INCREASING or DECREASING,depending on their qualitative proportional relation to p).

Chapter 4: Knowledge-Based Temporal Abstraction164The conditions for the DECREASING indirect abstraction are symmetrical, as is theextension for other secondary gradient and rate interpolations betweenabstracted intervals. If the gradient abstraction is not DECREASING or INCREASINGand the other conditions hold (e.g., the constraints over the D-function and Cpvalue), then the gradient abstraction�s value is SAME.The qualitative dependencies (i.e., positively proportional, negativelyproportional, and no monotonic dependence) between an abstract parameter andthe primitive or abstract parameters that that parameter is abstracted from arepart of the domain�s structural knowledge. They are modeled as an additionalaspect of the ABSTRACTED-INTO relation, the relation that defines the fact that thevalues of several parameters are abstracted (by contemporaneous abstraction)into the value of another, abstract, parameter.In many domains and tasks (e.g., monitoring patients in an intensive-care unit), itis plausible for either the knowledge engineer working at the level of thePROT�G�—II system, or the domain expert working at the level of theknowledge-acquisition tool, to define gradient and rate abstractions forabstractions determined by multiple parameters using the indirect (trend) option.In addition, forming a trend abstraction for abstract parameters whose valuedepends on several parameters is useful even if the semantics of the gradient andrate abstractions are direct. Note that, even in the simple case of a single-parameter abstraction from the WBC count (see Figure 4.1), a domain expert(e.g., a hematologist) would be interested not only in that the state of the WBCcount is LOW throughout interval I7, but also in that the WBC count�s gradient isDECREASING (as abstracted from the primitive parameter, WBC count). A similarabstraction, however, might be useful even if the WBC-count abstraction was afunction of several parameters, such as the various types of the WBCs. A case inpoint is the BONE-MARROW—TOXICITY abstract parameter, which is abstractedfrom several hematological parameter�Hb values, WBC counts and plateletcounts. An INCREASING trend for the BONE-MARROW—TOXICITY parameter(whose values are GRADE I through GRADE IV) might be noted, based onDECREASING trends in certain of its (negatively proportional) defining

Chapter 4: Knowledge-Based Temporal Abstraction165parameters, even when the value of the overall BONE-MARROW—TOXICITY valuehas not changed. The indirect semantics, therefore, can be the default for aparticular task, if chosen by the knowledge engineer for the gradient and rateabstractions in the case of abstract parameters mapped by multiple-parameterpoint abstractions. The default semantics, however, might be overridden by thedomain expert at knowledge-acquisition time.The knowledge-acquisition requirements for the temporal-interpolationoperation include definition of the time units used in the domain. We also needto acquire ~c(p) (i.e., a definition of what is a significant change�increment ordecrement�for the parameter p), as well as a classification of the various changerates of p (e.g., SLOW, FAST) in terms of change per unit time. The mainknowledge-acquisition requirement for the temporal-interpolation mechanism isdefining the maximal-gap function D, including additional domain- and task-specific arguments. Finally, it is also necessary to define which parametersshould be tracked by the system (e.g., age always increases and should not beabstracted). A problem solver based on the knowledge-based temporal-abstraction method can meet the last requirement easily by not including in theontology of the domain, for certain contexts, gradient or other irrelevantabstractions of certain parameters. In practice, however, it is best to include allinformation about the domain in its ontology, but to include, for each applicationsystem, only instances of relevant parameters. These instances might beconsidered to form an application ontology [Gennari et al., in press]. Such acontrol mechanism is one of several goal-directed control options used by theR�SUM� system, as I show in Chapter 5.In summary, the temporal-interpolation mechanism requires an ontology ofparameter propositions that includes the following knowledge:¥Classification knowedge: classification of domain-specific gradient and, inparticular, rate abstraction values¥Horizontal-classification knowledge: the horizontal-inference table

Chapter 4: Knowledge-Based Temporal Abstraction166¥Temporal-dynamic knowledge: the maximal-gap D functions¥Temporal-dynamic knowledge: significant change values or functions forthe relevant parameters in various contexts¥Temporal-dynamic knowledge: additional temporal constraints forcompleting the interpolation-inference table.¥Structural knowledge: the qualitative-dependencies aspect of theABSTRACTED-INTO relation¥ Temporal-semantic knowledge: the truth values of the concatenableproperty for the relevant input and inferred parameters.4.2.4.1 Local and Global Persistence Functions and Their MeaningThe maximal-gap D functions, which allow interpolation between point andinterval primitive and abstract parameters, can be interpreted as creating adefault abstraction during the maximal-gap interval. Like all conclusionsinferred by the temporal-abstraction mechanisms, the inference that creates suchdefault abstractions is nonmonotonic: It can be overridden by additional data orby other inferences. This inherent nonmonotonicity is especially relevant to thesemantics of the temporal-interpolation operation. For instance, conflicting datamight become available at a later transaction time, whose valid-time stamp (seeSection 3.1.7) occurs within the gap interval, invalidating a conclusion of acontinuous truth value for a parameter proposition created by temporalinterpolation (such as INCREASING(WBC) in a certain context). Alternatively,new data valid at the present time, such as new parameter points extending anexisting parameter interval, might suggest a longer permissible time gap in thepast that can be bridged between that parameter interval and another one.The maximal-gap functions represent domain- and task-dependent knowledgeregarding the rate of change of a parameter proposition <p, n, x> over time, or

Chapter 4: Knowledge-Based Temporal Abstraction167the persistence of the truth of that proposition over a temporal gap (recall thediscussion of temporal uncertainty and persistence in Section 3.1.8.2).I distinguish between two types of persistence functions: Local (r) persistencefunctions and global (D) maximal-gap functions. For the purpose of thefollowing discussion, we assume that the context x and the value of p, unlessmentioned explicitly, are known and fixed (these arguments can serve as indicesto a function with fewer arguments).4.2.4.1.1 Local Persistence FunctionsLocal (r) persistence functions represent the local persistence of the truth of aparameter proposition, given a single parameter point or interval: r(p, L(I), t),where is L(I) is the length of the interval I over which the parameter propositionis known to be true, and t is the time since that proposition was true. The rfunction returns a degree of belief�a probability distribution�in the proposition<p, n> being true at time t0˚+˚t, given that <p, n> was true at time t0. The rpersistence function is an extension of McDermott�s persistence assumption[McDermott, 1982], and of McCarthy�s inertia principle [McCarthy, 1986], both ofwhich include infinite persistence as a default. The r function model is similar toDean and Kanazawa�s model of propositions that decay over time [Dean andKanazawa, 1988] (see Section 3.1.8.2), and to de Zegher-Geets� time orientedprobabilistic functions (TOPFs) [de Zegher-Geets, 1987] when a TOPF representsthe probability of a state or disease given a previous identical state (see Section3.2.7). However, r functions are more general in the sense that they extendtemporally in both directions: to the future and also to the past. Assuming thattime t0 is a random time in which the proposition was measured, there is noparticular reason to assume that a parameter proposition was not true before thattime. Thus, t might actually have a negative value. We need this extension if weare to include an approximation of the past value of a parameter, for purposes ofinterpretation, as opposed to forecasting a future value of the parameter. Thus,we can include a model of forward decay and backward decay in belief. Thefunction describing this decay is equivalent to a statistical survival function.

Chapter 4: Knowledge-Based Temporal Abstraction168In practice, the important question for performing an interpolation using a localpersistence function is how long t can be before the belief in the parameterproposition j ˛ R drops below a certain threshold jth (Figure 4.3).Using a threshold creates a value- and context-specific validity time for aparameter proposition, similar to McDermott�s lifetime of a fact (seeSection3.1.8.2) and to the expected length attribute of states in IDEFIX. (Asmentioned in Section 3.2.7, that attribute was used by IDEFIX mainly for time-oriented display purposes, and was not part of the interpretation framework [deZegher-Geets, 1987].)The threshold belief jth can be interpreted as the point when the probability ofthe truth value of the proposition j in which we are interested falls below acertain threshold (say, 0.9). The threshold has a task-and context-specific value.10I1I2Dtj1j2jthTimeBel(j)Figure 4.3: Local and global persistence functions. The maximal time gap Dt returned by a globalD function is used to decide whether the parameter propositions j1 and j2, attached to intervalsI1 and I2, can be joined (possibly, if they do not denote the same value of the relevant parameter,into a new proposition j3 = j1 ¯ j2) . The time gap Dt can be interpreted�in the case thatj1˚”˚j2, and that the truth values of the propositions are relatively independent�as the maximaltime gap in which the belief produced by either the local forward or backward decay(represented by a local persistence r function) stays above the predefined confidence thresholdjth. Bel(j) = degree of belief in j; jth = the task- and context-specific belief threshold value.

Chapter 4: Knowledge-Based Temporal Abstraction1694.2.4.1.2 Global Persistence FunctionsGlobal (D) maximal-gap functions bridge the gap between two propositions. Dfunctions are an extension of r functions, and, in special cases, as I shall show inthis section, they can be constructed from the latter functions. The D functionreturns the maximal time gap that still allows us to join the propositions into anabstraction that is believed to be true, with a sufficient, task-specific, predefineddegree of belief in the proposition, during the gap (and thus over a superintervalof the input propositions, given that both were true for some time before andafter the gap). Thus, the D functions are a global extension of the local (r)persistence functions, since they implicitly assume both forward and backwarddecay of the propositions involved.Figure 4.3 presents a graphic view of the D function as an interpretation of adecay in the belief in the truth of a proposition. For instance, in the case that theabstractions� parameter values are identical�that is, the propositions are thesame before and after the gap interval�and the forward and decay times arerelatively independent, we are interested in whether, at all points inside the gapinterval, either of the values, approximated by the forward belief decay inproposition j, BELforward(j), or by the backward belief decay, BELbackward(j), istrue with a probability p ‡ jth. As the time gap Dt between the two abstractionsincreases, the belief that either the backward- or forward- decay value is true willeventually fall below the predefined threshold value jth (see Figure 4.3).If the local persistence r function is an exponential-decay survivor function, suchas used in several of de Zegher-Geets� TOPFs, and the backward- and forward-decay rates are independent, we can compute the D function. Assume that theprobability p(t) of the parameter proposition j being true is e-lt, a function of thetime t since the reference time in which P was true, regardless of the length of thetime interval I during which j was true. Let the forward decay rate be l1 and thebackward decay rate be l2. Then, we need to know the maximal gap Dt suchthat, in the point of minimal belief, p(t) is at or above the threshold jth. But note

Chapter 4: Knowledge-Based Temporal Abstraction170that the minimum point of BELforward(j) or BELbackward(j) is precisely when thevalues of the forward- and backward-decay functions are equal (see Figure 4.3).That is, at the minimal p(t),BELforward(j) = BELbackward(j),that is,e-l1t= e-l2(Dt-t ),so, when p(t) is minimal,t = [l2/(l1 +l2)] Dt;but p(t)‡ jth implies, after substituting for t in BELforward(j), thate-[(l1*l2)/(l1+l2)]Dt ‡ jth = e-K,and thusDt £ [(l1 +l2)/(l1 *l2)] K, K = -lnjth.In other words, the D function for two parameter points, D(p, 0, 0), or for twoparameter intervals when the duration of the intervals has no effect on thepersistence of the propositions, is a constant determined by the forward- andbackward-decay rates and the desired level of confidence.We can generalize this analysis. Assume that the longer j is known to be true inthe past or in future, the longer we are likely to keep believing it or to believethat it already existed in the past, before we measured it (this assumption will bediscussed in Section 4.2.4.1.3). One (not necessarily the only) way to representthat assumption would be to modify the decay rate l by assuming that it isinversely proportional to the length of the relevant intervals, L(Ii), which I denotesimply as Li. LetBEL (P) = e[-li/Li]t, i = 1,2.

Chapter 4: Knowledge-Based Temporal Abstraction171So, if p(t) is minimal, and as before, BELforward(j) = BELbackward(j),e[-l1/L1]t = e[-l2/L2](Dt-t );that is, when p(t) is minimal,t = [(L1l2)/(l1L2+l2L1)]Dt.Substitute for t in BELforward(j), and assume p(t)‡ jth:Dt £ [(l2L12+l1L1L2)/l1l2L1]K, K = -lnjth.For instance, if l1 =l2 =l and L(I1) = L(I2) = L, thenDt £ [(lL2+lL2)/l2L]K;that is,Dt £ [2L/l]K, K = -lnjth.In other words, if exponential decay rates decrease (equally) linearly forward andbackward as a function of the duration of the proposition, then the maximal timegap allowing us to join equal-length abstractions would be proportional to alinear function of the length of either interval, with the rest of the factors keptconstant. The duration of the gap would be inversely proportional to theuniform decay rate.These simplified examples serve to show that even though the decay rates li arein general unknown, and the decay function is perhaps difficult to compute, theresulting global D function (using a belief threshold) might be a simple constantor polynomial, and thus can be more easily described, computed, or acquired,than the underlying local-persistence function.Furthermore, if there is evidence for a particular type of decay function (e.g.,logarithmic), we can compute the latter�s coefficients by acquiring from thedomain expert a few maximal-gap values�that is, several examples of Dt. Wemight even check the expert�s consistency (or the adequacy of the decay function)

Chapter 4: Knowledge-Based Temporal Abstraction172by repeating the calculation for several other examples. Alternatively, we cansimply acquire a table of typical Dt values for various common L(I1) and L(I2)values, and can interpolate between these values, or extrapolate from them,when necessary. (In Section 7.3, I discuss the option of using a machine-learningalgorithm to derive local and global persistence functions from large clinicaltemporally oriented databases without resorting to domain experts, and Iexamine the problems associated with that option).Note that, due to the lack of independence between the forward decay of aparameter proposition attached to one time point and the backward decay of thatproposition at a later time point, and, therefore, an implied joint distribution of theforward and backward belief values, we usually need the actual global (D)function, in addition to (or instead of) the local (r) persistence function. Inpractice, the domain expert often knows several D function values (such as whatis the maximal time gap allowed in order to join two parameter points for severalparameter values in each context), even if she cannot define any particular,precise, local-decay function r (except, possibly, for specifying the forward andbackward local decay times Dt corresponding to reaching the local thresholdvalue jth). Knowing only the global D function still enables interpolationbetween two point-based or interval-based parameter propositions. In view ofthe preceding discussion, in many clinical domains, knowing only the valuesneeded to maintain Bel(j) above the threshold value jth�that is, the (simpler) Dfunction�would be a common state of affairs.4.2.4.1.3 A Typology of D FunctionsIn general, there can be four qualitative types of D functions, depending onwhether the D function is either¥ Positive monotonic, or¥ Negative monotonic

Chapter 4: Knowledge-Based Temporal Abstraction173with respect to¥ The length of the first parameter interval L(I1), or¥ The length of the second parameter interval L(I2) (see Figure 4.3).Theoretically, there are positive-positive (PP), positive-negative (PN), negative-positive (NP), and negative-negative (NN) monotonic D functions. I refer tothese categories as qualitative persistence types.Formally, PP D functions are functions such thatL(I�) > L(I) => "i [D(I�, i) ‡ D(I, i) � D(i, I�) ‡ D(i, I)].NN D functions are functions such thatL(I�)> L(I) => "i [D(I�,i)£ D(I, i) � D(i, I�) £ D(i, I)],where L(I) is the length of interval I, and D(I, i) stands for D(L(I), L(i)).Most D functions, in practice, seem to be positive monotonic with respect to thelength of both the time interval before the gap and the time interval after the gap.In other words, the longer we know that a parameter proposition was true eitherbefore or after a time gap, the longer we would allow that gap to be whilemaintaining our belief that the parameter proposition stayed true throughoutthat gap (i.e., its probability was always above a certain threshold). (For instance,the proposition denoting the MODERATE ANEMIA value of the Hb-State (abstract)parameter usually would be associated with a PP D function, as would be theproposition denoting the DEEP COMA value of the Consciousness parameter).Negative-monotonic D functions occur, when a longer duration of either I1 or ofI2 lowers the probability that the abstraction was true during the gap, and thelonger the lengths, the shorter the allowed Dt. For instance, a long I1 interval ofan almost-fatal cardiac arrhythmia (say, ventricular fibrillation) actually lowersthe probability that the (following) gap interval had the same property, assuming

Chapter 4: Knowledge-Based Temporal Abstraction174that the patient is alive. Most of the negative-monotonic functions emerge from atotal-length constraint on the time allowed for the abstraction (or an analogousprobabilistic distribution on the expected total time), or from a total cardinalityconstraint on the number of events allowed.We can limit ourselves, as a first approximation, to PP D functions. This functiontype is the most common one in clinical medicine. However, there is also animportant computational advantage in adhering to PP functions.Claim 1: PP D functions are associative. (The order of joining intervals andpoints cannot change the resulting set of abstractions.)Proof: Assume a situation where parameter points T1, T2, and T3 exist in thattemporal order. If we can form both the parameter interval [T1, T2] and theparameter interval [T2,T3 ], then, if we can eventually form the interval [T1, T3 ],we can do so by forming initially either subinterval, since the D function is PP.That is, if we can join one point to another, we can certainly join that point�forwards or backwards, as necessary�to an interval starting or ending,respectively, with the other point. For instance,L([T1, T2]) £ D(0,0) => L([T1, T2]) £ D(0, L([T2, T3])),since the D function is PP, and therefore D(0,0) £ D(0, L([T2, T3])).A similar argument holds for any four consecutive points.Thus, the claim is true for any combination of point—point, interval—point, point—interval, and interval—interval primary or secondary interpolation, since Dfunctions are applied only when there are no intervening points between the twointervals or points to be joined. oNote that the exponential-decay local (r) function that was given as an examplein Section 4.2.4.1.2 for a decay function dependent on the length of the interval,L(I), implied, with the independence assumption, PP-type D functions.

Chapter 4: Knowledge-Based Temporal Abstraction175The associativity property is important for data-driven systems (e.g., R�SUM�).This property is necessary also to ensure that the final abstractions do notdepend on the order of arrival of the input data.Claim 2: NN D functions are not associative.Proof: It is easy to construct a case for consecutive parameter points T1, T2, andT3, where, if we create the interval [T1, T2], we no longer can join it to T3, and ifwe create the interval [T2, T3], the D function value will prevent our joining it toT1 (e.g., a total-sum distribution does not allow creating the interval [T1, T3 ] withhigh enough probability). oNote: NP and PN functions cannot be associative for similar reasons. Whethersuch functions can even exist, especially in clinical domains, is doubtful. Itwould seem that appropriate semantic restrictions on the nature of D functionswould preclude their existence.In the case of r (local) persistence functions, we can categorize functions into Pand N categories with similar meaning (i.e., whether the longer I, the longer orshorter the validity interval before or after I).The dynamic knowledge about the domain does not necessarily need to includecomplete, closed, definitions of D functions�partial tables may suffice, or theactual functions might be approximated. But knowing whether a maximal-gapfunction is positive (PP) or negative (NN) is important for estimating the value ofthat function from a few examples or for interpolating that value from severaldiscrete entries in a table. This qualitative-persistence type is easy to acquire,since domain experts usually have an excellent intuition about whether,qualitatively, a longer duration of a parameter proposition before or after a gapincreases or decreases the probability of the proposition being true during alonger gap, even if the probabilities involved are in fact unknown.

Chapter 4: Knowledge-Based Temporal Abstraction1764.2.5 Temporal-Pattern MatchingIn addition to the context-forming mechanism and the three basic temporal-abstraction mechanisms described in Sections 4.2.1—4.2.4, a temporal-pattern—matching mechanism is required, for abstracting more complex data patternsover time. For instance, such a mechanism is required for abstraction of anepisode of drug toxicity from a state of a LOW(WBC) count lasting more than 2weeks and starting within 0 to 4 weeks of a state of LOW(Hb) lasting more than 3weeks, in a patient who is receiving certain drugs. Another example isrecognizing a quiescent-onset pattern of chronic GVHD (see Figure 1.7). Such apattern occurs when acute GVHD is resolved, followed by the appearance ofchronic GVHD, and certain temporal constraints hold. The temporal-pattern—matching mechanism extends the temporal-inference and temporal-interpolationmechanisms by abstracting over multiple intervals and parameters, and typicallyreflects heuristic domain- and task-specific knowledge. This mechanism solvesthe temporal pattern-matching task. The resulting patterns are also parametersand are attached to their respective time intervals.Note that, when the temporal-pattern—matching mechanism is used, aconsiderable part of the temporal-abstraction task, depending on domain-specificknowledge, has been already solved by the three basic temporal-abstractionmechanisms and by the context-forming mechanism. These preliminary patternsinclude contemporaneous abstractions of different parameters as well ashorizontal inferences and interpolations, at various abstraction levels. Thus, thepattern-matching mechanism does not have to create abstractions such as asignificantly DECREASING blood pressure, or to decide in what contexts the Hblevel should be considered as LOW. Essentially, the pattern-matching process canuse interval-based abstractions, possibly with their end-point values.Furthermore, the pattern-matching mechanism can rely on the semantics of theabstractions (e.g., it can take advantage of the small, finite number of abstractiontypes, such as STATE, and the way these abstractions are derived, includingrelations such as ABSTRACTED-INTO). Thus, the pattern-matching mechanismemploys in fact (1) a temporal-abstraction query language that assumes the

Chapter 4: Knowledge-Based Temporal Abstraction177existence of context intervals and abstractions, at various levels of abstractionand that allows the expression of value and time constraints involving theseinterval-based propositions, and (2) a temporal-abstraction—pattern matcher thatreturns abstractions queried in that language.The knowledge used by the temporal-abstraction mechanism is mainly aclassification-type knowledge. The input is one or more parameter points andintervals, possibly including different parameters, different abstraction types,and different interpretation contexts. The output is an abstraction of typePATTERN. The constraints on the abstractions include value constraints on theparameter values of the parameter propositions involved, and temporalconstraints on the temporal attributes of the abstractions involved. Typically, thetemporal span of the output abstraction is the union of the temporal span of theinput abstractions. Value constraints defined in the temporal-query languagemust include at least allowed ranges and simple comparison functions.Temporal constraints must include at least the 13 Allen relations (see Figure 3.1)and absolute-temporal—difference functions (thus allowing for different internalstructures of time stamps).Conceptually, the pattern-matching mechanism can be realized in several ways.As I show in Section 5.4, the R�SUM� system uses an internal temporal-pattern—matching language for defining the underlying patterns that define parametersof type PATTERN, using both temporal and value constraints. In addition, anexternal temporal-query language is used for querying the database of contextintervals, parameter points, and parameter intervals at various abstraction levels,resulting from the application of the other four temporal-abstractionmechanisms. The external query language enables the user to query thetemporal fact base by using a set of standard queries whose semantics arepredefined. These queries include arguments such as a parameter�s name,abstraction type, parameter value, and temporal bounds.Furthermore, our research group is developing an SQL-based temporal-querylanguage to access an external relational database in which time-stamped data,

Chapter 4: Knowledge-Based Temporal Abstraction178including abstractions created by R�SUM�, are stored [Das et al., 1992; Das andMusen, in press]. This temporal-query language is able to query the externaldatabase for the existence of complex patterns, provided that the applicationsaves the abstracted intervals with the raw time-stamped data. The resultingpatterns can be reported back to the temporal fact base.As we shall see when I discuss the nonmonotonicity issues in Section 4.2.6 andwhen I present the temporal-abstraction ontology in Chapter 5, it isadvantageous to consider pattern parameters as first-class entities in thetemporal-abstraction ontology, and to consider patterns identified by thetemporal-pattern—matching mechanism as parameter intervals whose abstractiontype is PATTERN. (Pattern intervals, however, are often nonconvex intervals; seeSection 3.1.4.) This uniform representation both allows further temporalreasoning in a general manner, using the derived pattern intervals, and preservesthe logical dependencies of these pattern intervals on the other parameters (andcontexts) from which they were derived. Maintaining these dependencies allowsupdates to the past or present data to be propagated to all abstractions, includingthe temporal patterns. Furthermore, representing patterns as first-class entitiesin the ontology of the domain permits the use of uniform methods for knowledgeacquisition, maintenance, sharing and reuse. For instance, structural knowledgesuch as allowed parameter values and ABSTRACTED-INTO relations, and temporal-semantic knowledge such as DOWNWARD-HEREDITARY and other inferentialproperties, are useful for reasoning also about pattern abstractions. Suchknowledge categories are represented in a uniform manner in the domain�stemporal-abstraction ontology when that ontology includes pattern parameters.In summary, the temporal-pattern—matching mechanism requires an ontology ofparameters that includes¥ Structural knowledge (e.g., ABSTRACTED-INTO relations from parameters topatterns)

Chapter 4: Knowledge-Based Temporal Abstraction179¥ Classification knowledge about PATTERN-type abstract parameters(classifying sets of abstraction points and intervals using value and timeconstraints).4.2.6 The Nonmonotonicity of Temporal AbstractionsThe five temporal-abstraction mechanisms discussed in Sections 4.2.1—4.2.5 createstate, gradient, rate, and pattern abstractions. Unlike actual data attached totime-stamped data points, however, these new abstract data are potentiallyrefutable by any modification or addition to the known data points or events.Since intervals are created by the temporal-abstraction method only on the basisof repeated classification, inference, and interpolation, every interval depends ondefeasible assumptions and is potentially retractable.Thus, one of the inherent requirements of temporal abstraction is that we allowfor a defeasible logic�that is, a logic of conclusions that can be retracted whenmore data are known. Since data might arrive in the present, but pertain to anearlier time point, we must allow for at least a partial revision of the currentabstracted evaluation of the history of the time-oriented database. In particular,in domains such as monitoring therapy of patients who have chronic diseases(i.e., when progress is being monitored episodically over a long time), we shouldbe able to revise efficiently our former assessments of the situation. For instance,Fagan�s VM system [1980], discussed in Section 3.2.3, whose domain was the fast-changing one of intensive-care—unit monitoring, dealt with incoming dataincrementally, but could not accept data out of temporal order, and thus did notupdate old assessments when newly available data about the past arrived. Theneed to update past or present abstractions when older (but formerlyunavailable) data arrive was noted by Long and Russ [Long & Russ, 1983; Russ,1986]. I refer to this phenomenon as an updated view. Another phenomenon,consisting of updating former conclusions and revising assessments of formerdecisions given new data (in particular, the present result of past decisions) isreferred to as hindsight by Russ [1989] in the context of the TCS system, which Idescribed in Section 3.2.4. In the first case, we need to evaluate precisely that

Chapter 4: Knowledge-Based Temporal Abstraction180part of our interpretation and abstraction of the former data that is affected bythe newly added old data, such as laboratory reports that are returned a few daysafter the initial assessment was done. Thus, the past influences the interpretationof the present. In the second case, we need to bring to bear our currentunderstanding of the situation on the interpretation of the former events, even ifno direct additional information about the past has been uncovered; usually,that understanding is a function of current developments, such as the effect ofthe therapy. Thus, the present influences the interpretation of the past.Past decisions themselves (i.e., events, in my notation) cannot be changed. Onlyour interpretation of the data (i.e., the abstractions) can change, as well as theassessment of the best decision that could have been made in the past, or that canbe made in the present. The possible changes include modifying the value of anexisting data point; adding a newly known data point to the past history; addinga new, present-time data point; adding (initiating) a new event; and modifyingknowledge about past events, which induce most of the interpretation contexts inwhich abstractions are created. It is also possible, in theory, to add abstractionintervals that are not inferred by any abstraction mechanism and thus do notdepend logically on any other input data (e.g., �the patient is known to have hadAIDS during the interval spanning the past 20 months�). Such independentabstracted intervals often serve as contexts for other abstractions. In each case,the newly added information should reflect on the past and on the present byretracting previous abstractions, or by adding new abstracted points andintervals.Note also that, although most conclusions depend on the existence of certainfacts (e.g., the interpolation operation between two time points, which creates anabstraction, depends on the data attached to the original end points), someconclusions also depend on the nonexistence of certain facts (e.g., no point of adifferent abstracted state of the same parameter existing between the twointerpolated points). Some of the underlying conditions�in particular, thenegative ones�are not trivial to track, and depend implicitly on specific domainknowledge to decide whether to establish new conclusions, or to retract

Chapter 4: Knowledge-Based Temporal Abstraction181previously correct old ones that are no longer valid, when new or modified databecome available. As I have mentioned in Section 4.2.3 when discussing thedownward-hereditary, solid, and gestalt inferential properties, the temporal-semantic properties of parameter propositions are used not only for the task ofderiving further conclusions, but also for the task of detecting contradictions inexisting ones. When a contradiction is detected (i.e., the result of the inference isFALSE), several heuristics can be used to decide which of the parameter intervals,if any, should be retracted (e.g., primitive input data might be never retracted,only abstract conclusions that might be no longer true). Finally, the results ofretracting one or more parameter intervals should be propagated to previousconclusions that are logically dependent on the retracted conclusions. Similarly,when an event interval is modified, or a context interval that depended on a no-longer-valid event or abstraction is retracted, the modification should bepropagated to the rest of the abstraction database, regardless of the way thatdatabase is implemented.In my point-based model, changes in abstraction points and intervals occurincrementally, following updates in either present or past time-stamped data,starting always with a specific point (or points), and propagating the change toother abstractions, using the abstraction knowledge acquired for the relevantparameters. (As I show in Section 5.5, the R�SUM� system uses an augmentedtruth-maintenance system for that process.) In particular, the knowledge-basedupdating process uses the temporal-semantic knowledge and various D functionsto retract conclusions that are no longer valid, or to add new conclusions. Forinstance, modifying the Hb value of time point T2 in Figure 4.1 to a value thatcan be abstracted as HIGH not only changes the abstraction attached to the timepoint T2, but also causes retraction of the LOW(Hb) abstracted intervals I1, I2(which were created through interpolation depending on T2), retraction ofinterval I5 (which was created by inference depending on I1, I2), and, therefore(due to the maximal-gap function of the L O W (Hb) state abstraction), alsoretraction of interval I7 , which was created by interpolation depending oninterval I5. Similarly, the DECREASING(Hb) abstractions attached to intervalsspanning the same time lengths are retracted. If there were, within one of the

Chapter 4: Knowledge-Based Temporal Abstraction182retracted intervals, parameter points that inherited the parameter-value of theirparameter propositions from one of the retracted intervals through the temporal-inference mechanism, they might have lost that particular proposition, unlessanother logical justification for the parameter value exists. In addition, newabstractions would be created, such as an INCREASING(Hb) abstracted-interval I1.Other updates would cause changes in a similar fashion.4.3 Discussion and SummaryMy goal in defining the knowledge-based temporal-abstraction method, and thefive temporal-abstraction mechanisms that solve the five subtasks that thatmethod creates when solving the temporal-abstraction task, is to define formallyreusable and sharable components for a knowledge-based temporal-abstractionsystem. These components are both the temporal-abstraction mechanisms andthe domain-specific, well-defined knowledge that these mechanisms need tosolve the temporal-abstraction task in a particular domain.I have presented a temporal-abstraction theory at the knowledge-level. Thetheory refers to structural, functional, logical, and probabilistic knowledge aboutthe domain. These knowledge types are used by all mechanisms (see Figure 1.2),although different subtypes of each knowledge type are usually used to fill theknowledge roles (see Section 2.1) of different mechanisms.The temporal model that I use employs time points (i.e., the time stamps) asprimitives, but interprets propositions only over time intervals. This model, aswell as some of the temporal semantic knowledge used by the temporal-inference mechanism (namely, the idea of propositional types for the parameterpropositions) is influenced by Shoham�s temporal logic [Shoham, 1987], which Idiscussed in Section 3.1.6.The local and global D and r functions used by the temporal-interpolationmechanism extend McDermott�s [1987] lifetime property for facts, Dean andKanazawa�s [1988] persistence functions, and de Zegher-Geets� [1987] TOPFs,which I discussed in Chapter 3. However, my goal is somewhat different: I wish

Chapter 4: Knowledge-Based Temporal Abstraction183to interpret the past and present, rather than to plan for the future. An additionalmajor goal of my methodology is to define the required knowledge in a way thatmight assist in acquiring that knowledge from a domain expert, in representingit, and in maintaining and reusing it. Thus, I formulated these functions asmaximal time gaps or as persistence intervals, based on thresholding aprobabilistic belief function in the truth of a parameter proposition. In addition,the representation of local forward and backward persistence allows for abstractionof several parameter points that are superficially not contemporaneous, but infact have an overlapping interval of validity, by the contemporaneous-abstraction mechanism.The role of knowledge in the interpolation of missing data when monitoringpatients over time has been examined, to some extent, by other investigators. Inparticular, Albridge and his colleagues in the ARAMIS rheumatoid-arthritisclinical-database project, one of the first longitudinal studies based on a clinical,time-oriented database (see Section 3.2.5), attempted to compare several methodsfor guessing data values that were �hidden� from the program, but in factexisted in the database [Albridge et al., 1988]. The results suggested that even forraw data, it is insufficient to use methods such as naive persistence or simplestatistical regression, to predict hidden values. This result was especiallyapparent in the case of a small number of sparse data points. Knowledge aboutthe behavior of specific parameters, such as persistence of hematological-parameters values, improved the predictions considerably. The results for moreabstract parameters (such as bone-marrow toxicity), derived from acomputational-transformation of several parameters, and possibly expressed insymbolic terms (e.g., GRADE_ II or LOW) should be even more dramatic.Interpreting and interpolating abstract parameters usually requires even moreparameter- and context-specific knowledge. Similar reasoning would certainlyhold for interpolating other abstract types, such as gradients, rates and patterns.The bidirectional propositional-decay functions that I propose also allow for acertain limited amount of hindsight and foresight by interpreting the uncertainnear past and future in the light of the certain present. I permit, however,

Chapter 4: Knowledge-Based Temporal Abstraction184additional, further outreaching hindsight (and foresight) by using interpretation-context intervals that are induced dynamically by context-forming tasks, events,and abstractions, and that reach (with unlimited access) into the past and thefuture to enable additional interpretation. Note also that such context-specificinterpretation takes place only during the relevant contexts, thus focusing andlimiting the computation. For instance, D functions and classification functionsare retrieved, and their value is computed, only in the narrow range of thetemporal context relevant for the application of these functions. Finally,temporal-pattern matching permits a special kind of hindsight, by including bothpast and present data in overall patterns.The output of the temporal-abstraction mechanisms must depend on theintended use of the abstractions. Different users need different parameters anddifferent levels of abstraction. The reasoning module of a planning system needsdetailed abstraction output, including lengths of intervals, to reason about plan-execution problems and about possible modifications to planned or executedevents and their respective parameters, which can affect the states on which thesystem is focusing. In the medical domain, a user might be a dermatologistcalled for a consultation regarding a patient�s skin rash; this expert might needonly a brief summary of the parameters relevant to her, over a certain limitedperiod, and would not want more details than are necessary for her purpose (say,assessment of the patient�s current state). High-level abstractions (e.g., �atoxicity episode, typical of the drug vincristine, during the past 3 weeks�) mightbe sufficient. In addition, each user has different levels of knowledge about thedomain and task. For instance, in the clinical domain, the expert dermatologistmight herself fill in missing details regarding a drug-allergy event, but theinternist would need further elaboration. I suggest, as an extension implied bythe knowledge-based temporal-abstraction theory, that this user model (of thedifferent parameters and abstraction levels required) should be part of thesystem�s knowledge. The knowledge needed to instantiate the user model mighthave to be acquired at three different levels. The three levels correspond to threeuser types described in Chapter 2: the knowledge engineer, working with themetalevel PROT�G�—II tool; the domain expert, working with the output of

Chapter 4: Knowledge-Based Temporal Abstraction185PROT�G�—II, an OPAL-like knowledge-acquisition tool; and the end user,working with the final knowledge-based application system produced by acombination of the problem-solving method chosen by the knowledge engineer,and the knowledge base instantiated by the domain expert using the knowledge-acquisition tool. User models might consist of further-specialized interpretationcontexts.There are several advantages associated with the explicit representation of theknowledge needed for the basic temporal-abstraction mechanisms. Such arepresentation is important for the acquisition, maintenance, sharing, and reuseof temporal-abstraction knowledge.The formal definition of the temporal-abstraction mechanisms combined with theexplicit representation of their knowledge requirements enables separation ofthese mechanisms from the planning and execution components of a medicaldecision-support system.8 This separation (apart from modularity advantages)enables these mechanisms to reason about the data regardless of interactivesessions with a user, using data directly from a temporally oriented database.In addition, the direct access to the temporal-abstraction ontology enables theknowledge-based mechanisms to accept input data or return output abstractionsat any desired abstraction level, a flexibility important for clinical applications.Finally, the temporal abstraction process (at various explicit levels of abstraction)transforms large volumes of data into a concise, more meaningful representation.The process can be controlled, exploiting the structure of the parameter ontology,to support different types of users (e.g., attending physicians, nurses, andspecialists) interested in different parameters and abstraction types.The knowledge required to apply the domain-independent temporal-abstractionmechanisms to any particular clinical domain and task should be formulatedprecisely and should be acquired from an expert. Since the knowledge

8In Section 6.3, I present an experimental proof that, at least in certain clinical domains,separation of the temporal-abstraction process from the planning process is essential forintelligent evaluation of either human or automated reasoning.

Chapter 4: Knowledge-Based Temporal Abstraction186requirements of the temporal-abstraction mechanisms are well defined, theknowledge-acquisition process can use automatically generated knowledge-acquisition tools tailored to the domain and to the task, such as the knowledge-acquisition tools generated by the PROT�G�—II system. I discuss what might bethe requirements for such a tool in Section 7.2.

Chapter 5: The R�SUM� System1875 The R�SUME SystemIn Chapter 4, I presented a detailed, knowledge-level view of the knowledge-based temoral-abstraction method. In this chapter, I describe on a conceptuallevel an implementation of the temporal-abstraction mechanisms and arepresentation scheme for the knowledge these mechanisms require (thetemporal-abstraction ontology).I have implemented the knowledge-based temporal-abstraction method and itsimplied methodology for development of temporal-abstraction knowledge basesas a computer program: The R�SUM� system. The R�SUM� system generatestemporal abstractions, given time-stamped data, events, and the domain’stemporal-abstraction ontology of parameters, events, and contexts.I omit the symbol-level details of the R�SUM� program. I will, however, addressimportant issues such as organization of temporal-abstraction knowledge andthe computational aspects of the knowledge-based temporal-abstraction method.Therefore, I will describe the R�SUM� architecture at the knowledge-use level. Theknowledge-use level [Steels, 1990] is an intermediate level between Newell�s[1982] knowledge level and symbol level (see Section 2.1) and is an important steptowards implementing methods presented at the knowledge level.The R�SUM� system demonstrates several concepts important for a discussionof the knowledge-based temporal-abstraction method as an appropriate solutionfor the temporal-abstraction task. In the following sections, I address severalissues pertaining to the appropriate organization, representation, reuse, andmaintenance of temporal-abstraction knowledge. I also discuss severalcomputational issues, such as control methods for temporal abstraction and thehandling of nonmonotonicity.The architecture of the R�SUM� system is intended to provide most of thedesired properties for a temporal-abstraction system that I discussed in Section

Chapter 5: The R�SUM� System1881.1, thus complementing the theoretical advantages of the knowledge-basedtemporal-abstraction method underlying it.I wrote the R�SUM� system in CLIPS, a software shell for knowledge-basedsystems, developed by the NASA Software Technology Branch [Giarratano andRiley, 1994]. CLIPS is written in the C language and therefore runs on a varietyof hardware platforms, such as various Unix machines, Apple Macintoshmachines, and IBM Personal Computers. The CLIPS shell includes (1) anindependent production-rule language that matches patterns in a fact base, (2) ageneral functional LISP-like interactive programming language, and (3) an objectsystem known as the CLIPS object-oriented language(COOL).The general architecture of the R�SUM� system is shown in Figure 5.1. TheR�SUM� system is composed of a temporal-reasoning module (the fivetemporal-abstraction mechanisms), a static domain knowledge base (thedomain�s ontology of parameters and events), and a dynamic temporal fact base(containing the input and output parameter points and intervals, event intervalsand context intervals). The temporal fact base is loosely coupled to an externaldatabase, where primitive time-stamped patient data and clinical events arestored and updated, and where abstractions can be stored by the R�SUM�system for additional analysis or for use by other users.5.1 The Parameter-Properties OntologyIn Chapter 4, I described the nature of the five temporal-abstraction mechanisms,the tasks that they perform, and the precise types of domain-specific knowledgethat each of these mechanisms uses. In this section, I describe how temporal-abstraction knowledge involving the domain�s parameters is organized andrepresented in the R�SUM� system. This knowledge is used by all fivetemporal-abstraction mechanisms. (The context-forming mechanism also needsontologies of domain-specific events and contexts, which I decribe in Section 5.2.)The temporal-abstraction mechanisms require four types of knowledge (seeFigure 1.2). The subtypes of these knowledge types should now be clearer,

Chapter 5: The R�SUM� System189.

Context-forming mechanismTemporal-abstraction mechanismsDDD

Temporal fact baseEventsContextsAbstractionsPrimitive data

DTemporal-reasoning mechanismsDomain knowledge baseEvent ontologyParameter ontology

External patient database

Context ontologyFigure 5.1: The R�SUM� system�s general architecture. The temporal fact base stores intervalsrepresenting input event intervals, abstractions, and primitive parameter points and intervals, aswell as system-created context intervals and abstractions. The context-forming mechanism istriggered by events, abstractions, and existing contexts to create or remove contexts, relying onthe knowledge represented in the ontologies of the domain�s events and contexts fordisambiguation of relations among contexts. The other temporal-abstraction mechanisms aretriggered by primitive- and abstract-parameter points and intervals in the temporal fact base, aswell as by contexts created by the context-forming mechanism, and rely on the knowledgerepresented in the domain�s ontology of parameter properties to create or retract abstractedintervals. Data in the temporal fact base are derived from an external, loosely coupled database.

= event;

= closed context interval;

= abstraction interval;

= data orknowledge flow.

Chapter 5: The R�SUM� System190 since they are exactly the knowledge roles used by the five temporal-abstractionmechanisms.1.Structural knowledge: Relations such as IS-A (e.g., Hb I S -Ahematological parameter), PART-OF (e.g., for event—subevent relations),ABSTRACTED-FROM (used by all abstraction types) and SUBCONTEXT(between interpretation contexts); qualitative interparameterdependencies (e.g., POSITIVELY PROPORTIONAL); basic parameterproperties (e.g., type of values, scale, units of measurement, range)2.Classification knowledge: Vertical classification (e.g., mapping Hbcount ranges into LOW, HIGH, VERY HIGH); horizontal classification (e.g.,INC ¯ DEC = NONMON); classification of temporal patterns (e.g., acutegraft-versus-host disease (GVHD) for up to 100 days followed by chronicGVHD implies a Quiescent-Onset-Chronic-GVHD pattern)3.Temporal semantic knowledge: Inferential properties (e.g., downward-hereditary, concatenable, gestalt, universally diffusive) and their truth values(e.g., TRUE)4.Temporal dynamic knowledge: Persistence functions (e.g., r local-persistence functions; D global maximal-gap functions); qualitativepersistence types (e.g., P or N (local) and PP or NN (global) persistencefunctions); Cp values or fc(p) significant-change functions.The four types of domain-specific knowledge are represented, apart from event-specific knowledge, in a special knowledge structure called the domain�sparameter-properties ontology, a detailed representation of the parameterontology defined in Section 4.1. The parameter-properties ontology represents theparameter entities in the domain (e.g., Hb, WBC_STATE), their properties (e.g.,inferential properties, such as CONCATENABLE), and the relations between them(e.g., ABSTRACTED-INTO). Figure 5.2 shows part of the parameter-propertiesontology�in this case, a part of the section used for the task of managingpatients who are being treated according to clinical protocols, such as for GVHD.

Chapter 5: The R�SUM� System191

AbstractLaboratoryPhysicalHematologyPlatelets

Temperature

PAZ ProtocolStudy drug

WBC countScale

PSA in CCTG-522PSA in PAZ and sudy drug

Significant change Stateabstractions Gradientabstractions RateabstractionsPSA in PAZ and prednisone

AbstractionsParametersPlatelet_state_abstractions [PSA]PSA in PAZMapping tablesInference tablesInferentialpropertiesMaximal-gap functionsPlatelet_gradient_abstractions prednisoneFigure 5.2: A portion of the R�SUM� parameter-properties ontology for the domain of protocol-based care, showing a specialization of the temporal-abstraction properties for theplatelet_state_abstraction (PSA) abstract parameter in the context of the prednisone/azathioprine(PAZ) experimental protocol for treating chronic graft-versus-host disease, and in the context ofeach part of that protocol.

= class; = property;

= I S -A relation;

=PROPERTY-OF relation. ABSTRACTED-INTO relations are not shown in this figure.The parameter-properties ontology is an IS-A frame hierarchy that specializesparameters and their properties by their type (e.g., abstract parameters versusprimitive laboratory or physical-examination data), by their domain role (e.g.,hematology versus chemistry parameters), and by their relevant interpretationcontexts (e.g., classification tables for the Hb parameter might be different duringadministration of a certain protocol or medication). Other relations, such as theABSTRACTED-INTO relation and qualitative dependencies, are represented as slots,or properties. Properties common to all parameters include, for instance, theallowed values (or range of values), the amount of change considered to beclinically significant in each context (Cp), and the type of scale with which the

Chapter 5: The R�SUM� System192parameter can be measured and reasoned (e.g., a nominal, ordinal, or intervalmeasuring scale). Properties can be inherited from one or more classes. Forinstance, all laboratory parameters inherit the interval scale as a default, whereasthe default for abstract parameters is an ordinal scale. Properties common to allabstract parameters include ABSTRACTED-INTO relations to defining parametersand the corresponding qualitative dependencies on these parameters (i.e.,positive monotonic, negative monotonic, and neither of these).An important feature of the representation scheme is organization of abstractparameters by the four basic output-abstraction types (STATE, GRADIENT, RATEand PATTERN). Thus, PLATELET_GRADIENT_ABSTRACTIONS is a subclass of thegradient-abstractions class (see Figure 5.2), and inherits slots such as the defaultvalues and secondary-interpolation—inference table (see Table 4.2) for gradientabstractions. State abstractions include properties such as mapping tables (seeSection 5.1.1) from which the contemporaneous-abstraction mechanism createsthem. Rate abstractions include properties such as rate-classification tables.Pattern abstractions include a defining input pattern (a set of parameterintervals), conditions (a set of value and time constraints), and concluded pattern(an abstraction interval). Each abstraction type is specialized further byparticular abstract parameters (e.g., PLATELETS) and by specific interpretationcontexts in which these abstractions are relevant (e.g., the PAZ protocol). As Ishow in Chapter 6, this structure proved very flexible for representing andmodifying quickly temporal-abstraction knowledge in several domains.The parameter-properties ontology is implemented in CLIPS as a COOL classhierarchy. The temporal-abstraction functions are stored as high as possible inthe frame hierarchy of the parameter ontology, often as defaults for thecorresponding abstraction type (e.g., GRADIENT) and parameter class (e.g.,hematological parameters) and are specialized only if necessary during theknowledge-acquisition process. Temporal-abstraction functions and tables aretherefore indexed by the parameter (e.g., platelet), by the abstraction type (e.g.,state), by the abstraction value (e.g., PLATELET_TOXICITY_GRADE_I), and by therelevant context (see Figure 5.2).

Chapter 5: The R�SUM� System193Most of the knowledge needed for the three basic temporal-abstractionmechanisms (contemporaneous abstraction, temporal inference, and temporalinterpolation) and for the temporal-pattern—matching mechanism is contained inthe abstract-parameters class. In fact, the R�SUM� system identifies the abstract-parameter class with the abstractions class; thus, every abstraction is a parameter.For easier conceptualization of the organization scheme, these classes arerepresented separately in Figure 5.2, to emphasize the double view of eachabstract parameter: a parameter and an abstraction.For example, the class PLATELET_STATE_ABSTRACTION in Figure 5.2 is both anabstract parameter (which has a set of values, such as TOXICITY_GRADE_1) and astate abstraction, and represents knowledge needed to abstract states of theplatelet-count parameter. This knowledge is specialized in the context of aparticular protocol (PAZ) for the treatment of chronic GVHD following atransplantation event, and is further specialized in different phases of thatprotocol. The temporal-abstraction knowledge requirements are inherited fromthe state-abstractions class, and include mapping functions, inferentialproperties, inference tables, and local r and global (maximal-gap) D-functions.So that it can facilitate knowledge acquisition, knowledge representation,knowledge maintenance, and knowledge sharability, the parameter ontologyrepresents the four types of knowledge about the domain as declaratively and asexplicitly as possible. Structural relations such as IS-A, PART-OF and ABSTRACTED-INTO are represented by different types of inter-class links, as are qualitativerelations. Static parameter properties (e.g., scale) are represented as slots in theCLIPS shell COOL frame that corresponds to the parameter. Classificationtables, inference property tables and horizontal abstraction-inference tables arerepresented declaratively as tables with predefined semantics (see Section 5.1.1).Maximal-gap D functions are represented mainly as tables or as predefined typesof functions (e.g., INFINITY or LINEAR with coefficients for the weight of thelengths of the abstractions before and after the gap). Local r functions arerepresented by the valid time of belief persistence above treshold.

Chapter 5: The R�SUM� System194Table 5.1 lists some of the slots and their values in the frame of the Hb_Gradientparameter specialized to the interpretation context of the CCTG protocol fortreatment of AIDS patients. Additional slots, such as various range-classificationtables, exist in frames of other abstraction types (e.g., state-abstraction frames).Table 5.1: Some of the slots in the frame of the Hb_Gradient_CCTG parameterSlot nameSlot valueComments

IS-A linkHb_GradientClass link

Parameter typeABSTRACTInherited from class

Abstraction typeGRADIENTInherited from class

Allowed values{SAME INC DEC...}Default for gradients

ScaleORDINALDefault for gradients

Abstracted_fromHbInherited from class

Dependence typeSINGLEDefault for gradients

Inference properties{<INC, conc, TRUE>...}Default for gradients

Horizontal inference{<SAME, INC, NONDEC>...}Default for gradients

D function typeRANGE, AND, MAXTable axes (Section 5.1.1)

D function time unitHOURInherited from class

D function table{<INC, 4, 5, 4>...}ƒ:value, time, time ->time

Interpolation-inferenceconstraints{<INC, [-Cp, +¥]>,<DEC, [-¥, +Cp]>...}ƒ:value -> constraint onrange of I2.s.p - I1.e.p

Chapter 5: The R�SUM� System195For the purposes of representing knowledge required by mechanisms thatperform various classification and indexing functions, and of assisting in theacquisition and maintenance of that knowledge, the R�SUM� system employsseveral types of mapping tables whose semantics are well defined.5.1.1 Dimensions of Classification TablesClassification tables, representing certain types of functions, are useful in theparameter-properties, event, and context ontologies for representing all fourtypes of knowledge needed for temporal abstraction. The following areexamples of such functional temporal-abstraction knowledge:1. Determining the bone-marrow toxicity grade (in a certain context), giventhe values of several contemporaneous hematologic parameters thatdefine that grade (classification knolwedge)2.Finding out whether a semantic temporal property, such asCONCATENABLE, is true, given the parameter�s value and the property(for a certain parameter in a certain context) (temporal semanticknowledge)3.Returning the maximal interpolation gap, given a D function that acceptsthe lengths of two intervals and the value of the (potentially) joinedinterval, for a certain parameter and context (temporal dynamicknowledge)It is useful to have tables (functions) whose semantics are well defined. Thisproperty allows us, for instance,1. To design knowledge-acquisition interfaces that can actually assist theuser when that knowledge is acquired (e.g., by a PROT�G�-II interface)2. To perform simple validity checking of the input (a �compilation ofknowledge� phase) both during and after knowledge-acquisition time3. To perform more knowledgeable reasoning during run time.

Chapter 5: The R�SUM� System196The third item refers to the fact that an �introspective� type of reasoning can beperformed on the knowledge base itself, if the properties of the knowledge arebetter known to the reasoning mechanisms. Thus, we can guess, for instance, amissing value of a PP D (maximal-gap) function (see Section 4.2.4.1.3) byinterpolating in the correct direction (realizing that the function is increasingmonotonicaly as the length of either interval involved increases) or by settinglower and upper bounds for a possible value. We can reason about properties ofthe output parameter of a table, given properties of its input, and so on, since weunderstand the semantics of the function represented by that table (e.g., aparticular type of an OR function).The R�SUM� system uses several types of tables for representing knowledge.The internal representation of these tables is, in fact, uniform: Table objects thatcontain one or more lists of indices (arguments) and a list of output values(function values), and some predefined general message handlers. However, theR�SUM� system defines different access methods through which it caninterprete the same table in different ways, depending on the table�s declarativesemantic type (i.e., the classification-function type that the table represents).There are several advantages to using table objects for representing temporal-abstraction knowledge in the R�SUM� system:1. Tables (such as abstraction-inference tables) are, in fact, a very concise,declarative, representation for rules. A single table can represent, in aparameterized, economic format, dozens or even hundreds of rules.This property relies on the standarized, domain-independent nature ofthe temporal-abstraction mechanism�s inference rules.2. Table objects can be inherited by more specialized parameter classes. Forinstance, classification ranges and D-function values for the sameparameter in a more restricted context are typically inherited as defaults,and require that a developer perform only minor editing of the tableduring the knowledge-acquisition process or during maintenance time.Implicitly, hundreds of rules are inherited and manipulated.

Chapter 5: The R�SUM� System1973. Table objects have simple, well-defined semantics for interpreting thefunction that the table represents, depending on the table�s type(s).Thus, knowledge acquisition, development of a new knowledge base,maintenance of that knowledge base, and even sharing of the knowledgebase�s contents are facilitated. In fact, as I show in Section 5.1.1.1,employing predefined semantics can lead in certain cases to significantcomputational gains.The table-function types are categorized along several different orthogonaldimensions, or axes. These axes have been sufficient for most examplesencountered in several therapy-planning domains (e.g., AIDS, GVHD) andmonitoring domains (e.g., pediatric growth , insulin-dependent diabetes).Apart from the declarative axes described below, the R�SUM� system alsoemploys a last-resource, catch-all function type, called simply FUNCTION, whichsimply points to the name of a predefined general computational-transformationfunction that operates on the values of the parameters that define the output�svalue. The FUNCTION type allows the user (e.g., a knowledge engineer workingwith a domain expert) to add any user-defined function or to reuse a previouslydefined function. Note that the function still would be invoked in a principledmanner, with certain restrictions on its use, since all of its inputs and outputs(i.e., values of parameters) and their relations (e.g., ABSTRACTED-INTO andqualitative relationships), as well as the proper contexts for applying thefunction, are defined in the parameter ontology. Thus, acquisition andmaintenance of the knowledge would be still be facilitated, although not as muchas in the case of the more formally defined table functions.In the case of an abstraction function, the input and output types (e.g., FLOAT andSYMBOL into SYMBOL) and the relationship of output values to each other (e.g.,nominal or ordinal scale) are often already known, if the involved arguments aredefined in the parameter ontology. For instance, ABSTRACTED-INTO relations ofthe input parameters and qualitative dependencies of the output parameter onthe values of these parameters, are part of the structural knowledge included in

Chapter 5: The R�SUM� System198the parameter ontology. However, it is useful to specify clearly for eachclassification table, for instance, whether the values of the arguments areintepreted as (alpha)numeric classification ranges, or as symbolic values that arematched to an enumerated list of indices (these being used as the real index list).5.1.1.1 Table AxesClassification functions (tables) in R�SUM� are categorized along six axes. Acombination of table axes defines precisely the semantics of the classificationfunction that the table represents, though all table structures are uniform n-dimensional arrays.1. Index input type: Types can be symbolic, numeric, and so on. Forinstance, the default horizontal-inference (¯) table for gradientabstractions that I described in Section 4.2.3, which joins values such asINCREASING and SAME into NONDECREASING, uses these symbolic valuesas indices into the (symbolic) output (see Table 4.1). Maximal-gap (D)functions use actual numeric time units as indices.2. Value output type: Output types can be symbols (INCREASING), numbers,or even time units.3. Dimension: Dimensions can be classified as 1:1, 2:1, or 3:1 mappings, andso on. Maximal-gap (D) functions, for instance, need 3:1 mapping tables(the parameter value and the length of the two time intervals involved,for a given parameter and context). Horizontal-inference tables (whoseindices include two parameter-proposition values) and inference-properties tables (whose indices include a parameter value and atemporal-semantic property; see Section 4.2.3) have a 2:1 dimension.Some parameters can be mapped to another parameter (typically, a state-abstraction of the first parameter) using a 1:1 table.4. Index mapping type: Index types include a range index and a directindex. For instance, classification of (numeric) ranges of Hb values andof WBC counts into hematologic status (which requires finding first the

Chapter 5: The R�SUM� System199respective range for any given parameter value) uses range indices.Inference-properties tables employ a direct mapping of a parameter valueand a semantic property type (for a particular parameter and context)into a boolean value.5. Boolean type: The boolean table-types include AND and OR. An ANDtable is a standard function: it is a conjunction of n parameter values thatare mapped into a certain parameter-value output. An AND mappingexplicitly lists all valid or nonvalid value combinations and their outputvalue, but is very time consuming to create at knowledge-acquisition timeand very space consuming at run time. For instance, 4 parameters with 5values each would require a 4-dimensional table with 54 = 625 values. Anexample of a 2:1 symbolic-symbolic direct AND table was shown in Table4.1, the default join (¯) operation inference table.An OR table merges several values and combinations in a succinctmanner, by decomposing the arguments into their respective parametersets, first mapping every one of the arguments individually to the outputvalue, then selecting among the output values, using a maximum-value ora minimum-value function (Table 5.2). OR tables are, in fact, quitecommon in clinical medicine. Given n parameters, each with k possiblevalues or ranges that are being abstracted into an abstract parameter with jpossible values, an OR table reduces the space complexity from O(kn) toO(n*j). Adding additional attributes to an OR table increases the size ofthe table linearly and not exponentially (as in the case of AND tables)�aconsiderable gain, if an OR representation is possible. It is sometimesadventageous to represent complex functions as combinations of ANDand OR tables. Thus, multi-dimensional functions are represented in a�flat,� easily modifyable format.

Chapter 5: The R�SUM� System200Table 5.2: A 4:1 (numeric and symbolic to symbolic) maximal-OR range table for the SYSTEMICTOXICITY parameter in the context of the CCTG-522 experimental AIDS-treatment protocol. Thetoxicity-grade value is determined for every one of the index parameters, or rows, in the table(e.g., Fever = 39 C, Chills = RIGOR), and the maximal value (in this case, GRADE III) is selected.Value/parameterGRADE IGRADE IIGRADE IIIGRADE IV

Fever£ 38.5 C£ 40.0 C> 40 C> 40 C

ChillsNONESHAKINGRIGORRIGOR

SkinERYTHEMAVESICULATIONDESQUAMATIONEXFOLIATION

AllergyEDEMABRONCHOSPASMBRONCHOSPASMREQUIRINGMEDICATIONANAPHYLAXIS

6. Selection type: This type can be either MIN or MAX, denoting whether theminimal or maximal output value is chosen among several candidatevalues. Specifying the selection type explicitly is necessary for thecommon OR tables, in which, in the first stage, an output value isdetermined for each of the participating arguments of the function (seeTable 5.2). The selection type can also represent the direction in which touse range mapping-type indices (e.g., the range list <4 6 8 10> represents,in fact, the ranges [-¥ 4], [4 6], [6 8], [8 10], [10 +¥]; which range includes8?). The selection type could, in principle, be different for every argument(i.e., each �row� in the table).In summary, table axes are a convenient method for representing concisely thesemantics of many classification functions in various domains, in particular inclinical medicine. The tables have a uniform representation and are easilyacquired and modified. Their semantics rely on a small set of interpretation axes.

Chapter 5: The R�SUM� System2015.1.2 Sharing of Parameter Propositions Among Different ContextsUsually, abstractions are specific to a particular context (e.g., a particular protocolor a part of that protocol), and cannot be joined (by the temporal-inference ortemporal-interpolation mechanisms) to similar abstractions in other contexts.That is desirable, since the primary reason for having contexts is to limit thescope of reasoning and of applicabiliy of certain types of knowledge. The LOWvalue of Hb_State in one context might be mapped from Hb-values in the range 7to 9, whereas, in another context, it might be mapped from the range 8 to 10.Furthermore, the LOW value of Hb_State in the first context might be one of threevalues, but in the second, it might be one of four values of that state abstraction,making comparison between the two syntactically similar values meaningless.Finally, some parameter values might be meaningless in certain contexts (e.g., thevalue GRADE_II_TOXICITY of the Platelet_State parameter is irrelevant when apatient is not within the temporal scope of the interpretation context of havingreceived cytotoxic therapy, even when the platelet state is monitored for someother reason). It is therefore a highly dubious undertaking to attempt joining theparameter propositions such as the LOW value of Hb_STATE indiscriminatelyacross various contexts. In fact, that danger is one of the reasons for explicitlyhaving the context as part of the parameter proposition.However, it should possible to denote the fact that, for certain classes ofparameters, contexts, and subcontexts, the abstractions denote the same state,with respect to certain task-related implications, in both contexts. For instance,two LOW(Hb_STATE) abstractions might denote different ranges in two differentcontexts, but the abstractions might still be joined to create a longerLOW(Hb_STATE) abstraction meaningful for a higher-level context (e.g., theoverall task). In other words, we might want to unify two parameter intervalswhere the parameter name is identical, which were created during two butdifferent interpretation contexts, possibly using different classification tables. Wecan assume that the intervals are meeting or that the temporal gap between themcan be bridged using the proper D function (and that during the gap no otherinterpretation context exists).

Chapter 5: The R�SUM� System202The solution, as hinted in Section 4.2.1, is simple and exploits the hierarchicalnature of the parameter-properties ontology and the latter�s specialization bycontexts. When a parameter node is created in the parameter-propertiesontology at any level (e.g., Hb in the context of protocol CCTG522), it is possibleto note what values of the parameter are sharable among abstractions of thatparameter in all the nodes that are descendants of the new node�that is, insubcontexts of the current context (see Figure 5.2). For instance, if the plateletstate abstraction (PSA) parameter in the context of the PAZ protocol is sharablefor the GRADE II TOXICITY value, abstractions of this value formed in contexts thatare subcontexts of that node (i.e., below it in the parameter-properties ontologyhierarchy, such as PSA in the context of PAZ and prednisone, or PSA in thecontext of PAZ and the study drug being given; see Figure 5.2) can beconcatenated and, in general, reasoned with, as though they belonged to thesame context. This concatenation can take place even though mapping tables forthe PSA abstraction might be quite different in contexts where the drug is beinggiven and in contexts where it is witheld. Note however, that the sharableabstraction values, as well as the appropriate D functions to use and othertemporal-abstraction knowledge types, would be defined within a new, unified(or generalizing) context (see Section 4.2.1). The unified context is equivalent toneither of the two shared subcontexts or their parent context; it is a newsubcontext of the parent context, the unified extension of that context. Within thatunified context the temporal-abstraction mechanisms can, in effect, continue toperform their reasoning functions within the same context. The human orautomated user of the temporal-abstraction system can now ask queries such as�what was the generalized state of the Hb-level parameter over the past 3months, in the context of the CCTG-522 protocol (possibly adjustingautomatically for the various parts of the CCTG-522 protocol and their context-specific tables)?�9 Note that Fagan�s VM system [Fagan, 1980] (see Section 3.2.3)

9 In the R�SUM� system, the sharable declaration accurs, in fact, in a bottom-up fashion: Thedeveloper denotes which values of the parameter for each of the subcontext nodes are sharablewith other subcontexts in the unified context of the parent node, thus achieving a finer level ofresolution, essentially by signifying the parameter proposition into which these parameterpropositions can be generalized.

Chapter 5: The R�SUM� System203assumed by default that all contexts for all parameters and parameter valuess weresharable.The R�SUM� system employs a solution with a similar flavor to the inverseproblem, that of joining parameter intervals created within the sameinterpretation context, but that are separated temporally by one or more differentinterpretation contexts. For instance, we might want to abstract the state of aparameter such as PREPRANDIAL_GLUCOSE, in the context of two or more,possibly consecutive, mornings (i.e., in the context of several prebreakfast-context measurements), skipping intermediate contexts such as pre-lunch andpre-supper interpretation contexts. Queries about such a �fragmented� intervalare in fact referring by definition to a nonconvex interval as defined by Ladkin(see Section 3.1.4) which is generated (and therefore also queried) within thescope of a nonconvex context (see Section 4.2.1) that is the nonconvex subcontextof the parent context.Note that the maximal-gap D function interpolating between two propositionswithin a nonconvex interpretation context might be quite different from thefunction used for interpolation within each convex segement of the nonconvexcontext. The D function would be an interphase D function (e.g., betweendifferent mornings) as opposed to an intraphase D function (e.g., within the samemorning). The corresponding parameter propositions and interpretationcontexts would appear, respectively, in the parameter-properties ontology and inthe context ontology.5.2 The Context-Forming Mechanism and The Event and Context OntologiesIn Chapter 4, I explained that abstractions are meaningful only within the span ofa relevant context interval, such as �treatment by clinical protocol CCTG522� (seeFigure 4.1). Context intervals create a frame of reference for interpretation, andthus enable a temporal-abstraction mechanism to conclude relevant abstractionsfor that and for only that interpretation context.Interpretation contexts are important for two major reasons:

Chapter 5: The R�SUM� System2041. Creation of meaningful, context-sensitive abstractions2. Optimization of computational resources (since rules and functions areonly enabled within the temporal scope of the appropriate interpretationcontext).Context intervals are created by the context-forming mechanism. As I explained inSection 4.2.1, a valid interpretation context can be induced by an event proposition.or by an abstraction-goal proposition. An interpretation context can also beinduced by specific context-forming parameter propositions that are flagged in theparameter-properties ontology as sufficiently important to change the frame ofreference for one or more other parameters (i.e., the relevant value of thatparameter in the parameter ontology, for the relevant context, is flagged asCONTEXT FORMING). In addition, contemporaneous context intervals whoseinterpretation contexts have a SUBCONTEXT relationship in the context ontologycan form composite contexts (see Sections 4.1 and 4.2.1).Context intervals induced by a context-forming proposition do not have to beconcurrent with it. Thus, an event, an abstraction goal, or a context-formingparameter proposition can induce a context envelope that might include, inaddition to a direct context interval concurrent with the interval over which theinducing proposition is interpreted, retrospective context intervals prior to it (e.g.,the prodrome of a disease), prospective (or expectation) context intervals followingit (e.g., potential complications), or any other of the 13 Allen temporal relationsdiscussed in Section 3.1.4. Retrospective and prospective interpretation contextsenable the use of context-specific temporal-abstraction functions, such asmapping tables and maximal-gap (D) functions, that should not be considered inother interpretation contexts. Forming interpretation contexts correctly enablesthe temporal-abstraction mechanisms both to focus on the abstractionsappropriate for these particular contexts and to avoid unnecessary computationsin other contexts.The above explanation of the origin of interpretation contexts implies that eitherparameter points, parameter intervals, abstraction-goal intervals, or event

Chapter 5: The R�SUM� System205intervals (and, indirectly, some combinations of these entities, by inducingcontemporaneous context intervals) can induce dynamically new contextintervals. As mentioned in Section 4.2.1, an abstraction goal, an event schema oran event proposition (that is, possibly only for certain context-forming attribute—value instantiations of the event schema) and a parameter proposition (at leastcertain context-forming propositions) can be part of a dynamic inductionrelation of a context interval (DIRC). As explained in Section 4.1, a DIRC is astructure of the form <x, j, ss, se, es, ee>. The symbol x is an interpretationcontext. The symbol j ˛ R is an abstraction-goal, event or parameter proposition,that is assumed, at runtime, to be interpreted over some time interval I withknown end points. Each of the other four symbols is either the �wildcard�symbol *, matching any value, or a time measure. The four time measuresdenote, respectively, the temporal distance between the start point of the context-forming interval-based proposition and the start point of the induced context, thedistance between the start point of the context-forming proposition and the endpoint of the induced context, the distance between the end point of the inducingproposition and the start point of the context, and the distance between the endpoint of the proposition and the end point of the induced context (see Figure 4.2).Note that only two values are necessary (more values might create aninconsistency), and that sometimes only one of the values is a finite time measure(e.g., the es distance might be +¥).For example, in the case of AZT therapy (as part of the CCTG-522 protocol), atypical DIRC might be <AZT-TOXICITY, AZT, +2w, *, *, +4w>, meaning that,whenever an AZT event interval is asserted, a corresponding AZT-TOXICITYcontext interval is induced, whose start point is 2˚weeks after the beginning ofthe AZT treatment event, and whose end point is 4˚weeks after the end of theAZT treatment. Dependencies are maintained between the proposition and itsinduced contexts, and thus updates to event or to parameter propositions causeupdates to or retractions of context intervals. Note that each of the four distancevalues, in particular ss, might be negative, thus allowing the developer torepresent any of Allen�s [1982] 13 temporal relations between the induced contextinterval and the inducing propostition. In particular, induced interpretation-

Chapter 5: The R�SUM� System206context intervals can be formed in the future, after the inducing proposition, or inthe past, before the inducing event or abstraction. Including prospective andretrospective DIRCs in the domains� ontology is one of the techniques forrepresentation of foresight and hindsight that the R�SUM� user can employ. Itallows the resultant application system to anticipate certain interpretationcontexts where certain context-specific types of knowledge-based inferenceshould be enabled, or to add new interpretations in retrospect to the past whengiven new data.For every domain, the context-forming mechanism assumes that the domaintheory includes an event ontology�that is, a theory that represents the externalevents in that domain (e.g., protocols, medications, specific drugs), therelationships among them (e.g., a medication might have a PART-OF relationshipwith a protocol), and any DIRCs in which event schemas and propositions arethe inducing proposition (see Section 4.1). In practice, it is conceptually useful toregard the relevant DIRCs as indexed from each event type. Figure 5.3 shows asimplified section of an event ontology for the task of managing patients onprotocols.The event ontology, like the parameter-properties ontology, is a frame hierarchy,but with I S -A and PART-OF relations among frames. Typically, a pair ofinterpretation contexts that are induced by event types that belong to a PART-OFrelation in the event ontology belongs to a SUBCONTEXT relation in the contextontology, and in general, the list of interpretation contexts that are induced byevent types that belong to an event chain forms an interpretation context. Thedefinition of an event chain in the event ontology conforms to the definition ofSection 4.2.1: It is a directed path in the graph created by the event ontology,starting from the topmost (EVENT) node, ending in any nonterminal or terminalnode, and including PART-OF relations. Typically, contemporary events whoseevent types can be found in the event ontology along the same event chain format runtime a composite context by inducing a chain of interpretation contextswhere each pair belongs to a SUBCONTEXT relation in the context ontology. (This,however, is just a default assumption regarding a new domain, useful for

Chapter 5: The R�SUM� System207

Figure 5.3: A portion of the event ontology in the protocol-management domain, showing theAIDS-treatment CCTG-522 protocol and the chronic graft-versus-host-disease (GVHD) PAZprotocol, and the representation of these external therapy events by their constituent parts.

= class; Classes are shown as ovals;

= I S -A relation;

˚= PART-OF relation.Dynamic induction relations of context intervals (DIRCs) are not shown in this figure.acquisition of knowledge and for disambiguation of the structure of newinterpretation contexts, and is not a necessary property of events and contexts.)An example of a composite context is the combination of the CCTG-522 protocoland the administration of AZT; however, the combination of the CCTG-522protocol, the drug trimetoprim/sulfamethoxazole (T/S), and the drug AZT (seeFigure 5.3) is not an example of a composite context, since no directed pathconnects the AZT node with the T/S node .The event ontology includes all relevant events and subevents and theircorresponding DIRCs, which the context-forming mechanism can use at runtime.The default DIRC list for an event comprises a single DIRC representing a direct

Chapter 5: The R�SUM� System208(i.e., contemporaneous) interpretation context, whose name is the event�s name,and without any reference to values of the event�s attributes�that is, the DIRC<event name, event name, 0, *, 0, *>. In addition, the event ontology is also used bythe context-forming mechanism to disambiguate the relationship (e.g., PART-OF)of several coexisting events, and thus to decide when is it reasonable to form anew, more specialized, context when two or more events coexist (e.g., when botha CCTG-522 protocol event and an AZT event are detected), and which event isthe subevent (i.e., the subcontext) of the other. Similar reasoning is useful alsofor knowlede-acquisition and maintenance purposes.The parameter-properties ontology (see Figure 5.2) does not necessarily contain anode corresponding to every possible event chain (that is, not every potentialcomposite context is represented). The nonexistence of a specialization signifiesthat, for that particular context, the abstraction is not relevant, thereby cuttingdown on unnecessary inferences.Contemporaneous context intervals whose respective interpretation contextsbelong to the subcontext relation can form a composite interpretation context. Asmentioned in Section 4.2.1, the set of all the potentially relevant interpretationcontexts and subcontexts of the domain and their properties defines a contextontology for the domain. Figure 5.4 presents a small part of the context ontologyfor the protocol-management domains.The context ontology, like the parameter and event ontologies, is represented as aframe hierarchy. The types of semantic links among context nodes in the contextontology include IS-A and SUBCONTEXT relations. The knowledge represented inthe context ontology complements the knowledge represented in the parameterontology and the event ontology and assists the context-forming mechanism informing correctly context intervals from several contemporaneous contextintervals. For instance, the interpretation context induced by an event, or one ofthat events� subevents (subparts), does not necessarily bear the name of itsinducing event, nor does it necessarily have the same temporal scope; the onlyindication for a SUBCONTEXT relationship exists in that case in the contextontology. Thus, an AZT subevent within the CCTG-522 protocol event (see

Chapter 5: The R�SUM� System209

ContextsPAZ protocolCCTG-522 protocolT/S_therapyAZT_toxicity

High-dose_AZT_toxicityFigure 5.4: A portion of the context ontology in the protocol-management domain, showing theinterpretation contexts induced by the CCTG-522 AIDS-treatment protocol and by its subevents.

= class;

= IS-A relation;

˚= SUBCONTEXT relation. See also Figure 4.2(dynamic induced reference contexts) and Figure 5.3 (part of the corresponding event ontology).Figure 5.3) induces a potential AZT-TOXICITY interpretation context that has adifferent name, that whose context interval has a somewhat different temporalscope (see Figure 4.2) from its inducing event, and that has a SUBCONTEXTrelation to the CCTG-522 (direct) interpretation context (see Figure 5.4).In addition, knowledge such as that the PREBREAKFAST interpretation context(induced by a morning meal), important for interpreting correctly glucose values(in the diabetes-monitoring domain), has an IS-A relationship to the more generalPREPRANDIAL context (induced by any meal), is represented explicitly only in thecontext ontology of the diabetes-monitoring domain. (More information about

Chapter 5: The R�SUM� System210the diabetes domain will be presented in Section 6.3.) Finally, specialinterpretation contexts such as uniform contexts and nonconvex contexts (seeSection 5.1.2), if required for the particular domain and task, appear explicitly inthe context ontology.The context-forming mechanism is implemented as a set of domain-independentrules and functions in CLIPS that are triggered by the assertion of new tasks,events, or abstractions in the temporal fact base, by the existence of certaincombinations of context intervals in the temporal fact base, or by updates toexisting events or abstractions. The rules have access to the event, context andparameter ontologies. Thus, the context-forming mechanism depends implicitlyon the structure of the event ontology, although it does not depend on thatontology�s specific content. A knowledge engineer using the context-formingmechanism in domains that are already modeled by an ontology, possibly with adifferent structure, must either model the domain�s events as a R�SUM� eventontology, or create an appropriate mapping between the existing domain�sontology and the event ontology needed by R�SUM�. Such a mapping mightallow for adding some knowledge at knowledge acquisition time (such asDIRCs) and redefine missing relations (e.g., the PART-OF relation assumed by thecontext-forming mechanism might simply have no equivalent in the newdomain, or, more commonly, might map to a different existing relation, such asCOMPONENT). The context ontology is an internal structure to a temporal-abstraction ontology, since it lists the relations among interpretation contexts, aconcept, unique to the knowledge-based temporal-abstraction method, that is notexpected to exist in the domain or to be mapped to an entity within that domain.A similar argument applies to the parameter ontology, though some of thatontology�s relations (in particular, IS-A) might be mapped from an existingontology of the domain.It is important to note that the rest of the temporal-abstraction mechanisms,which operate strictly within the temporal span of context intervals, do notdepend on the way that interpretation contexts are created. These mechanismsassume the existence of context intervals and of the interpretation contexts as

Chapter 5: The R�SUM� System211part of the parameter propositions. The context-forming mechanism is thus theonly interface with the domain�s events (or rather, with the task-specificrepresentation of these events in the event ontology), and shields the rest of thetemporal-abstraction mechanisms from any need to know about these events ortheir structure.5.3 The Temporal-Abstraction Mechanisms in the R�SUM� SystemThe temporal-abstraction mechanisms that I discussed in Section 4.2 create in thetemporal fact base (see Figure 5.1) state-, gradient-, rate- or pattern-abstractionintervals. The mechanisms are implemented as sets of domain-independentrules and functions in CLIPS that can access the frame-based parameter-properties, context, or event ontologies. The rules are triggered in a data-drivenfashion, creating (or deleting) abstraction intervals continuously in response tothe assertion of new data or events in the temporal fact base. The temporal-abstraction mechanisms do not operate in a fixed order, but instead iteratealternately, activated by the currently available data and by the previouslyderived abstractions. (See also Section 5.3.1 and 5.4 for more details regardingtemporal-pattern matching.)5.3.1 Control and Computational Complexitiy of The R�SUM� SystemIn general, the temporal-abstraction mechanisms operate in a data-drivenmanner. However, an organization of the temporal-abstraction mechanisms byinput and output types permits a goal-oriented approach to the use of thesemechanisms by an automatic planner or by a human user of the R�SUM�system. A goal-oriented approach controls the type of output abstractionsdesired, thus providing a view of the temporal-abstraction task oriented towardthe specifications of the task to be solved, rather than toward the mechanisms tobe used. The rules are organized by the kind of mechanism, by the type of input(point, interval) and by the type of output (abstraction type). Input types includeprimary (point-based) or secondary (interval-based) data (see Section 4.2.4).Output types include state, gradient, rate, and pattern abstractions. The three basictemporal-abstraction mechanisms (i.e., the contemporaneous-abstraction,

Chapter 5: The R�SUM� System212temporal-inference, and temporal-interpolation mechanisms) usually formabstracted intervals only from abstractions that have the same abstraction type�for instance, state (e.g., HIGH or LOW) or gradient (e.g., INCREASING or SAME). Inaddition, these abstractions are usually formed only within the same context andfor the same parameter. Both access to and computation of potentially applicabletemporal-abstraction functions are thereby reduced to a minimum.Ordinarily, the temporal-abstraction task, as solved by the knowledge-basedtemporal-abstraction method, involves all temporal-abstraction mechanisms, andcreates all relevant abstractions. However, we may wish, for instance, to invokeonly those parts of the mechanisms that involve primary or secondary stateabstractions. Moreover, we may be interested in only specific classes ofabstracted parameters and contexts. Such an extension is built into the currentsystem and allows the knowledge engineer configuring the knowledge-basedtemporal-abstraction method for a particular task to decode which mechanismsshould be employed and what types of output abstractions are required, bymodifying a special R�SUM� domain-specific control file. In addition, thestructure of the parameter-properties ontology created (or mapped from anexisting one) for a task can be used as part of the control: If the gradientabstraction class of Hb is not included in a certain context, the creation ofHb_GRADIENT values in that context and all of its subcontexts is prevented.Finally, the parameter-properties, context, and event ontologies includes onlyclasses and subclasses, but not instances, thus always allowing the option ofsubspecializing any existing class. When creating a particular application for aspecific domain, using the temporal-abstraction ontology created for thatdomain, the designer has to specify an ontology instances file. The instances fileincludes the only instances of parameter, event, and context classes (from theparameter-properties, event and context ontologies) that will actually be used inthat particular application, thus allowing even tighter control. (In principle, sincethe knowledge-acquisition process is driven by the ontology of the knowlege-based temporal-abstraction method, there should be in the resultant domainontology no completely redundant parameters or contexts; that is, they shouldhave a role in some temporal-abstraction task relevant to the domain. The reason

Chapter 5: The R�SUM� System213is that the domain expert has indicated, in the case of parameters, that theyshould be included in the structure of the ontology; or has chosen, in the case ofsubcontexts, to distinguish, for some domain-related reason, between severalvariations of the same context.)By limiting the type of output abstractions, the class of required parameters, thecontexts in which outputs are being generated, the parameter instances withwhich reasoning can be done, and the type of inferences occuring, the R�SUM�system mimimizes the number of intervals that actually are generated and thecomplexity of the inference involved in generating these intervals.Furtheremore, no more than O(n) basic-abstraction intervals (namely thosegenerated by the contemporaneous-abstraction, temporal-inference or temporal-interpolation mechanisms) can be generated for any given parameter, context,and abstraction type, given n data points, since basic-abstraction intervals areconvex. Even if we also count all possible intermediate abstractions of the samevalue that can be joined up recursively to one interval, there cannot be more thanO(n) intervals, since once a parameter point is made part of a parameter interval,it cannot be used as part of another parameter interval for the same parameterand abstraction type. Thus, new parameter intervals for the same parameter arelonger then those from which they are derived. The temporal-pattern—matchingmechanism (which can use any number of different parameters and contexts) canhave, in theory, exponential complexity. However, that mechanism mostlyserves as a filter for the user, detecting highly specific internal patterns, orpresenting only patterns specifically queried at runtime. In addition, theR�SUM� system exploits, in the case of internally matched patterns, the efficientRETE pattern-matching algorithm [Forgy, 1982]. This algorithm is employed bythe CLIPS shell to match left-hand sides of rules, and fits especially well with thetask of matching temporal patterns from data arriving in some temporal order.The RETE algorithm incorporates each new datum (in this case, usually aparameter interval) into a network of tokens in a continuous manner. Althoughcomplexity is still exponential in the worst case, typical cases have linear timecomplexity, since patterns are being matched partially in a continuous manner.

Chapter 5: The R�SUM� System2145.4 The Temporal Fact Base and Temporal-Pattern MatchingThe input data for the R�SUM� system and the system�s intermediate and finaloutput conclusions are stored in the system’s temporal fact base. The temporalfact base is a database of intervals of various types (events, contexts, primitiveparameters, abstract parameters) that are implemented as different types ofCLIPS templates (dynamically typed records). An interval has a start point andan end point. Both points have a varying temporal granularity. For instance, thestart point might be known up to only 1-day�s accuracy (e.g., �January 29, 1992�).The temporal granularities used for specifying the knowledge in the domain�sontologies can also vary (e.g., YEAR, DAY, or HOUR might be preferred by thedomain expert when creating a maximal-gap (D-function) table). However, thedesigner can always specify what is the standard time unit into which all units ofstatic data (i.e., existing knowledge) and dynamic data (i.e., the input andconcluded output) should be translated during runtime. (Thus, the internalvalues of D-function or rate-classification tables are preprocessed for efficiencypurposes before reasoning is initialized, by converting them into the standardtime unit. Such a conversion exploits the declarative nature of these functions;see Section 5.1.1.)The temporal fact base is loosely coupled to an external database (e.g., arelational database from which tuples are read and converted into the R�SUM�format), and derives events and primitive data from the latter. Insertion into thetemporal fact base of an event (possibly inducing a new interpretaion context), ofa new data point (creating a 0-length, usually primitive, parameter interval), oreven of a physician-asserted time-stamped abstract parameter (creating anabstraction) can trigger one or more of the data-driven temporal-abstractionmechanisms, thus either adding or deleting other abstracted intervals or contextsto or from the temporal fact base. The abstractions also can be stored in theexternal database, permitting complex temporal queries to the external database,by other temporal-query mechanisms, for other purposes [Das et al., 1992; Dasand Musen, in press].

Chapter 5: The R�SUM� System215The R�SUM� system implements the temporal-pattern—matching mechanism astwo temporal-pattern—matching languages:1. An internal language for representing in the parameter ontology, and fordetecting in the temporal fact base, domain-specific abstractions of typePATTERN2. An external language for the user, for updating and querying the internaltemporal fact base during runtime.The internal temporal-pattern—matching language is used mainly to represent inthe parameter ontology classification knowledge involving abstract parametersof type PATTERN (see Section 4.2.5). Recall that pattern abstractions are first-classparameters in the domain�s parameter-properties ontology. Their maindistinguishing properties are a set of defining temporal templates, similar instructure to intervals in the temporal fact base (abstraction, context, and eventintervals), a set of parameter-value and temporal constraints, and a concludedabstraction interval of type PATTERN. At runtime, the temporal-pattern—matching mechanism can create pattern-type abstractions from these templates,in an analogous manner to the creation of state abstractions by thecontemporaneous-abstraction mechanism from mapping tables of stateabstractions.The external temporal-query language is another part of the temporal-pattern—matching mechanism. That language enables the user to assert data and eventsinto the fact base and to query the data using a set of predefined queries, each ofwhich includes the parameter�s name, the abstraction type, parameter value,lower and upper temporal bounds, minimal and maximal abstraction lengthlooked for, minimal and maximal parameter-value deviation between start andend points, relevant contexts, and several simple relations between the giventime bounds and the abstractions looked for. Several common types of queriescan be asked. Query types include predicate queries, set queries, and valuequeries. Predicate queries (�is some pattern true?�) return TRUE or FALSE. Setqueries (�in what intervals does some pattern exist?�) return a set of intervals for

Chapter 5: The R�SUM� System216which the pattern is true. Value queries (�what is the value of some parameterduring some interval?�) return a numeric or a symbolic parameter value, if thatparameter exists during the interval queried, or else return the value UNDEFINED.Here are some of the external query types predefined for the R�SUM� user, andcan be used for interaction with R�SUM�. (Additional query arguments�suchas minimal and maximal time spans or minimal and maximal value deviations atthe interval edges�exist, but are not presented in the examples).¥ OVERALL (parameter name, abstraction type, start time, end time, context)�aset query: Return all values of the parameter and abstractiontype relevant to the given time span and context¥ EXISTS_WITHIN (parameter name, abstraction type, parameter value, starttime, end time, context)�A set query: Return intervals withspecified value whose temporal span is completely includedwithin the time interval [start time, end time] and is within thetemporal span of the interpretation context context. Theintervals might exist only during some of the time spanspecified.¥ EXISTS_THROUGHOUT (parameter name, abstraction type, parameter value,start time, end time, context)�a set query: Return intervals withthe specified values whose temporal span includes the giventime span (i.e., is it true that this abstraction holds throughoutthe given time span and context, and if so, what are the longest-possible intervals including that abstraction?)¥ VALUE (parameter name, abstraction type, start time, end time, context)�avalue query: Return�if possible�the value of the respectiveparameter and abstraction type that holds throughout the giventime span; otherwise return UNDEFINED.In general, contained (intermediate-conclusion) intervals with the sameproperties are not returned, as we are interested in only the longest interval, as a

Chapter 5: The R�SUM� System217default, even though intermediate conclusions might have created intervalscontained within the longest interval.The query language�s notation includes the temporal terms INIT (0 time),PRESENT, +INFINITY (both greater than the time of any measured value), -INFINITY(smaller than the time of any measured value), NIL (unbound value), and *? (thewild card, that stands for any value). (A similar notation is used by the domainexpert or the designer when defining or acquiring tables of D-function,inferential-properties, or inference.) The R�SUM� system�s internal temporal-comparison functions (e.g., BEFORE and DURING, as well as absolute timedifferences) are in fact a set of methods that can deal with various argument types,including symbolic measures of time (and allowing for domain-specific timeunits that might have complex structures).Because several context intervals over which different interpretation contexts areinterpreted can exist contemporaneously, and because the parameter-propertiesontology is specialized by the different contexts, it is possible to have severalabstraction intervals with different values for the same parameter (e.g., theHb-level state abstraction) at the same time�one for each valid and relevantcontext (e.g., two contemporaneous parameter intervals, LOW(Hb) in the contextof having AIDS without complications, and NORMAL(Hb) in the context of beingtreated by a medication that has an expected side effect of bone-marrow toxicity).Thus, the R�SUM� system maintains several concurrent views of theabstractions in the temporal fact base, denoting several possible interpretations ofthe same data; a meaningful query thus must specify one or more contexts.Effects of updates to input parameter points and intervals or to input eventintervals, that might cause deletion of existing, previously concluded contextsand abstractions are mediated in the R�SUM� system through a truth-maintenance system. Thus, the propagation of changes throughout the temporalfact base is limited to only those intervals that might be affected by the change,while maintaining the validity of the temporal fact base. (The temporal fact baseis thus essentially a historic database; see Section 3.1.7).

Chapter 5: The R�SUM� System2185.5 The Truth-Maintenance SystemIn Section 4.2.6 I explained that all system-created intervals (abstracted andcontext intervals) are potentially refutable by any modification of the known datapoints, abstractions, or events. Thus, one of the inherent requirements of thetemporal-abstraction task is that we allow for a defeasible logic. Data might arrivein the present (with respect to the transaction time; see Section 3.1.7), but pertain(with respect to the valid time; see Section 3.1.7) to an earlier time point. We mustthen be able to revise efficiently our former assessment of the situation. I call thisphenomenon (see Section 4.2.6) an updated view. Alternatively, we might haveto update former conclusions and to revise assessments of former decisions whengiven new data (this has been called by researchers the hindsight phenomenon).Changes in parameter points and intervals occur incrementally, followingupdates to either present or past time-stamped data or events. The changesalways start with a specific parameter point or interval, and propagatethroughout the dependency graph of events, contexts, primitive data, andabstracted intervals. The updating process uses the CLIPS internal justification-based truth-maintenance system (T M S ) to retract all conclusions that arepotentially not valid. For instance, parameter points that inherited theirparameter value through the use of the temporal-inference mechanisms from anabstraction (super)interval that was retracted would be retracted, unless at leastone other valid justification remains for that value. (The reasoning process isactivated after a retraction process; some abstractions might then be recreateddue to a new valid inference.) The temporal-abstraction mechanisms use theCLIPS TMS to create dependencies among data points and intervals, amongabstracted points and intervals, and among abstracted intervals and otherabstracted intervals. For instance, when two meeting intervals are concatenated,the truth value of the characterization attached to the resulting superintervaldepends on the truth value of the characterizations attached to both of thesubintervals that formed the longer superinterval, and should be modifiedcorrectly, if either of the determining characterizations changes. In addition, thetemporal-inference mechanism extends the CLIPS TMS. The extensions use the

Chapter 5: The R�SUM� System219temporal-abstraction semantics and the temporal-abstraction knowledgerepresented within the parameter-properties ontology to detect previously falseconditions that became true, necessitating retraction of prior conclusions. Forinstance, using the DOWNWARD-HEREDITARY semantic property (see Section4.2.3), the temporal-inference mechanism can not only create new conclusions forsubintervals of parameter intervals, but also can notice that parameter values forsimilar-type parameter propositions within those subintervals (e.g., LOW(Hb))actually differ from the parameter value of the parameter superinterval (e.g.,HIGH(Hb), a longer interval that was created when the included interval wasunknown). Such a difference is a contradiction and requires retraction of at leastone of the intervals. Thus, the temporal-semantic properties of parameterpropositions are used not only for the task of deriving further conclusions, butalso for the task of detecting contradictions in existing ones. Following that task,several heuristics are used in order to decide which of the parameter intervalsshould be retracted (e.g., primitive input data is never retracted, only abstractconclusions that might be no longer true). Finally, the results of retracting one ormore parameter intervals are propagated through the underlying TMS. A newabstraction (reasoning) cycle is always performed following such a retraction, sothat new conclusions that became true might be generated and asserted in thetemporal fact base, and so that conclusions that were retracted but that might stillbe true would be reasserted.Note that certain of the advantages inherent in the TMS are usually lost for thepurpose of conducting, say, another consultation on the following week, whenthe resultant conclusions are saved in an external database. Typically,commercial databases do not have TMSs and therefore the dependencyinformation is lost, making it dangerous to rely on conclusions whose justifyingdata might have been modified. The complex issues raised by an integration oftemporal-reasoning and temporal-maintenance systems are myriad. I discusssome of these in Section 8.4 when I describe several implications of this research.

Chapter 5: The R�SUM� System2205.6 Discussion and SummaryI have presented the structure of the R�SUM� system, which implements theknowledge-based temporal-abstraction method and the five temporal-abstractionmechanisms I defined in Chapter 4 for solving the five subtasks that that methodposes. The R�SUM� system includes a temporal-reasoning module that interactswith an internal temporal fact base, and that draws its knowledge from thedomain-specific event, context, and parameter ontologies.Note that most of the desired computational properties for temporal-abstractionsystems that were emphasized by previous researchers in clinical summarizationsystems (see Section 3.2), and in particular, those that I summarized in Section1.1, are an automatic byproduct of the R�SUM� system�s architecture. Forinstance, the ability to accept data out of temporal order is inherent in thetemporal fact base that preserves valid time stamps and in the temporal-abstraction mechanisms that, at all times, have access to all of input parametersand output abstractions. Similarly, the ability to handle input at any level ofabstraction derives from the knowledge of and the access to the domain�s clinicalabstraction hierarchy (i.e., the structural and classification knowledge). Updatesto present and past data are propagated by the enhanced TMS. Several featuresof the R�SUM� system contribute to its flexibilty. Both the foresight and thehindsight aspects are derived from the forward- and backward-decay local andglobal persistence functions, from the prospective and retrospective dynamiccontexts that are created when certain events or abstractions are asserted, andfrom the temporal pattern-matching queries that include past and present data.Another desired feature is that R�SUM� can handle several interpretations of thesame data concurrently by maintaining several predefined or dynamicallygenerated interpretation-context intervals, each of which has its own set ofclassifications and other temporal properties. Thus, there can be severalinterpretations of the same data pattern, depending on the interpretation context;the end user (e.g., the attending physician) is presented with the interpretationcorresponding to the interpretation context specified in the query, and can makethe final judgement as to which interpretation context is more relevant.

Chapter 5: The R�SUM� System221Sometimes, more than one of the interpretation contexts is relevant, since theyare not necessarily mutually exclusive. On the other hand, contexts can shareresults by using the context-sharing feature, which can be specialized to particularinterpretation contexts and parameter values.The acquisition and maintenance of temporal-abstraction knowledge is facilitatedby the uniform table objects, which have several well-defined semantic types.The tables are inhereted to more specialized contexts and represent hundreds ofparameterized abstraction rules. In general, the acquisition of temporal-abstraction and its maintenance is facilitated by the structure of the parameter,event, and context ontologies. For instance, the organization of the parameterontology by abstraction types with specialization by interpretation contextsmaximizes the inheritance of abstraction knowledge through higher-levelabstraction types (e.g., GRADIENT) and parameter schemas (e.g., the Hbparameter).I have also discussed the data-driven and goal-directed modes of controlling theoutput of the R�SUM� system. Even when many abstractions are created, theuser does not need to see all of the intermediate abstractions, since shecommunicates with the resulting abstraction database by using a temporal querylanguage (either by accessing the temporal fact base directly or by storing theresultant abstractions in a relational, temporally oriented database and byreferring the question to that database).One promising line of future research is developing the full specification of theinternal and external temporal-abstraction pattern-matching languages that arebased on the semantics of the abstraction and context intervals created by theother temporal-abstraction mechanisms, possiby within a generalizedarchitecture for both temporal reasoning and temporal maintenance (see Section8.4.2). Implementing such an architecture was not a major effort of the currentresearch, whose major thrust was to understand the abstraction process and theknowledge needed for that process and to represent that knowledge as clearly aspossible.

Chapter 6: Applying Knowledge-Based Temporal Abstraction2226 Application of Knowledge-BasedTemporal AbstractionIn Chapter 4, I presented a knowledge-level view of the knowledge-basedtemporal-abstraction method. In Chapter 5, I presented a knowledge-use view of aparticular implementation of that method: The R�SUM� system. In this chapter,therefore, I address several natural questions regarding the methodology that Idescribed: What are the knowledge-acquisition implications of thatmethodology, what are the applications of the knowledge-based temporal-abstraction method to specific domains, and how can we evaluate its multipleaspects?There are several possible evaluation criteria for the knowledge-based temporal-abstraction method and its implementation as the R�SUM� system. Rather thanbeing one method or a single problem solve, the problem-solving method Idescribed and its implementaion constitute a framework for reasoning aboutabstractions in time and for building problem solvers for that task. I havementioned several of the possible evaluation criteria in Chapter 3, when Icompared the completeness of the representation and the expressiveness of theknowledge-based temporal-abstraction method with previous temporal-reasoning approaches and systems. A comprehensive discussion of theknowledge-based temporal-abstraction method and the R�SUM� problem solverbased on it, compared to the desiderata of Section 1.1, and to previous systems, ispresented in Sections 8.2 and 8.3.Additional criteria useful for evaluating knowledge-based systems werediscussed in Chapter 4, such as knowledge representation, knowledgeacquisition, and knowledge maintenance advantages of the explicit interfacepresented by the four knowledge types required for instantiating the fivetemporal-abstraction mechanisms, and the clear computational semantics ofthese mechanisms. These criteria are also discussed in Section 8.2.

Chapter 6: Applying Knowledge-Based Temporal Abstraction223I discussed yet other representational and computational aspects in Chapter 5, inwhich I described the implementation of the knowledge-based temporal-abstraction method as the R�SUM� system. For instance, I described theorganization of temporal-abstraction knowledge by abstraction types specializedby contexts; the declarative representation of classification functions as tableswith several semantic axes; the use of multiple concurrent interpretationcontexts; the flexibility of sharing selectively abstractions over different contexts;the use of the underlying nonmonotonic framework (the TMS), and theintegration of the TMS with the temporal-semantic—inference subtask executedby the temporal-inference mechanism.Therefore, in this chapter, I demonstrate (1) the work involved in acquiring andrepresenting the four types of knowledge that the knowledge-based temporal-abstraction method requires, for the purpose of building a temporal-abstractionsystem in a new clinical area; (2) the results of that knowledge-acquisition effort,and (3) the results of using the R�SUM� system in several specific clinicaldomains, assuming that the knowledge acquired for these examples wassufficiently complete to demonstrate meaningful conclusions. (Note that theassumption of a complete (and sound) knowledge base is a strong one; therefore,the results of using any particular knowledge base neither validate nor invalidatethe other aspects of the framework presented in this dissertation.)In the following sections I shall present examples of the use of the R�SUM�system in several different clinical domains: protocol-based care (and three of itssubdomains), monitoring of children�s growth, and therapy of insulin-dependentdiabetes patients. I have applied the R�SUM� methodology to each domain invarying degrees. Sometimes, my focus was evaluating the feasibility ofknowledge acquisition (including the time required for that process), knowledgerepresentation and knowledge maintenance (i.e., modifications to the resultantknowledge base). In other cases, I emphasize application of the resultantinstantiated temporal-abstraction mechanisms to several clinical test cases. Inone domain, I applied the R�SUM� system, instantiated by the proper domainontology, to a larger set of clinical data. I shall therefore demonstrate most of the

Chapter 6: Applying Knowledge-Based Temporal Abstraction224expected life cycle in the development and maintenance of a temporal-abstraction system.6.1 Protocol-Based CareThe knowledge-based temporal-abstraction method seems especially suitable forrepresenting and applying the knowledge required for application of clinicalguidelines. In particular, it is suitable for representing knowledge specified inclinical protocols for treatment of chronic diseases. I have therefore tested theknowledge representation capabilities of the initial R�SUM� prototype usingknowledge acquired from two protocols: (1) The California CollaborativeTreatment Group (CCTG) CCTG-522 experimental protocol for AIDS therapy(CCTG, personal communication) and (2) The prednisone/azathioprine (PAZ)protocol for treating patients who have chronic graft-versus-host disease(GVHD) (a complication of bone-marrow transplantation), that was used byinvestigators at the Fred Hutchinson Cancer Center in the University ofWashington, Seattle (Sullivan, K.M., personal communication).Apart from these two main experiments, I have also collaborated with an AIDSexpert (J. Sison, M.D.) to determine the work required for acquisition of theknowledge needed for instantiating the R�SUM� problem solver in the domainof protocol-based prophylaxis of toxoplasmosis infections in patients who haveAIDS.In the first two cases, the knowledge-acquisition effort involved reading all theprotocol-related documents carefully (approximately 2 hours each) and acquiringcertain specific knowledge item, such as maximal-gap functions, from Dr. Sisonand other collaborating physicians, who had more experience in these domains(approximately 2 more hours).In the toxoplasmosis-prophylaxis domain, the process involved three 1-hourinterviews, using the protocol text as a starting point.

Chapter 6: Applying Knowledge-Based Temporal Abstraction225In all cases, I determined the classification tables for the contemporaneous-abstraction mechanism directly from the protocols, and represented them usingthe formal classification-table types supplied by R�SUM� (see Section 5.1.1). Anexample of a maximal-OR range table defining the SYSTEMIC TOXICITY parameterin the CCTG-522 context appears in Table 5.2. For inferential properties andinference tables, I used the default values inherited from the appropriateabstraction class. I set the maximal-gap D-function tables manually, based on theestimates provided by the collaborating physicians. In Figure 5.2, I present a partof the resultant parameter-properties ontology for the protocol-based therapydomains; in Figure 5.3, I show a part of the corresponding event ontology; inFigure 5.4, I show part of the resulting context ontology.In the case of the CCTG-522 and the toxoplasmosis protocols, my goal wasmainly to prove the feasibility of representing in a disciplined fashion thetemporal-abstraction knowledge implicit in a large protocol, using the languagesupplied by the R�SUM� parameter and event ontologies. I have applied theknowledge represented in this way to several demonstration cases, to test theR�SUM� prototype. In the case of the GVHD domain, I was also given severalrealistic GVHD scenarios by organizers of the American Association of ArtificialIntelligence (AAAI) 1992 Spring Symposium on Artificial Intelligence inMedicine. I applied to these scenarios (augmented by additional simulated dataof the type expected in such cases) the knowledge represented in the parameterand event ontologies that was relevant to the domain of chronic-GVHD therapy(see Figures 5.2 and 5.3). The knowledge regarding abstraction of chronic-GVHDstates was represented in the parameter ontology mainly as parametersspecialized by the PAZ context and its subcontexts (see Figure 5.2) and wasavailable to the R�SUM� system when the input parameters were asserted in thetemporal fact base [Shahar et al., 1992a].In Figure 6.1, I show several of the hematological state abstractions that R�SUM�created during a PAZ protocol event from a set of platelet- and granulocyte-count (primitive) parameters. The time line in Figure 6.1 corresponds to daysafter a bone-marrow—transplantation event that occurred on day 0. The figure

Chapter 6: Applying Knowledge-Based Temporal Abstraction226

. ¥Plateletcounts040020010050¥DD10002000D()DDD100K150K()¥¥¥¥¥¥¥DDD¥¥¥DDDDDD¥¥¥Granu-locytecounts¥¥¥DD

P[2]P[3]P[2]P[1]P[0]

G[0]G[2]G[0]ExpectedAGVHDExpectedCGVHD

PAZ protocolAGVHDCGVHD

BMTFigure 6.1: Abstraction of platelet and granulocyte counts during administration of aprednisone/azathioprine (PAZ) protocol. The AGVHD and CGVHD abstractions were asserted,in this case, by the attending physician. The PAZ interpretation context was induced by thepresence of a PAZ protocol-administration event, which is not shown. The time line starts withthe BMT event.

= open context interval;

= closed context interval;

= open abstraction interval;

= closed abstraction interval. ¥˚= platelet counts; D = granulocyte counts; BMT = bone-marrow transplantation event; AGVHD = acute graft-versus-host-disease; CVGHD = chronicgraft-versus-host disease; M[n] = myelotoxicity grade n; P[n] = platelet toxicity grade n; G[n] =granulocyte toxicity grade n.

Chapter 6: Applying Knowledge-Based Temporal Abstraction227also demonstrates prospective interpretation contexts for acute and chronicGVHD states that are induced by the bone-marrow—transplantation event.Prospective interpretation contexts enable, for instance, the efficient use of acontext-specific mapping function that can recognize acute GVHD states that aremeaningful in only the first few months following the transplantation.The PAZ interpretation context in Figure 6.1 was induced by the presence of acontemporaneous PAZ protocol-administration event, which is not shown. Theacute and chronic GVHD abstractions were assumed, in this case, to be assertedby the physician; they could have been created by R�SUM�, if the input includednecessary parameters, such as liver-enzyme values and results of physicalexaminations.Most of the knowledge about primitive and abstract hematological parametersturned out to be shared by the three protocols I have mentioned, and thereforedid not have to be acquired again, once it was defined. All that was necessarywas to add additional contexts that inherited all of the known abstractionknowledge, and to modify small parts of the declarative tables (see Figure 5.2).This aspect of designing new knowledge-based temporal-reasoning systems inthe domain of clinical guidelines is quite encouraging.The abstractions shown in Figure 6.1 conform to the conclusions that I reached byexamining the data and the protocol manually. This simple experimentdemonstrated the feasibility of the approach for representing and sharing theknowledge implicit in several different protocol-based—care subdomains astemporal-abstraction ontologies. It also showed that the automated applicationof the knowledge represented as these ontologies, using the domain-independenttemporal-abstraction mechanisms, results in meaningful output abstractions.6.2 Monitoring of Children�s GrowthWishing to evaluate the knowledge-acquisition process required to create adomain-specific temporal-abstraction ontology, and to examine the resultant

Chapter 6: Applying Knowledge-Based Temporal Abstraction228abstractions using that ontology, I chose the domain of monitoring children�sgrowth to detect possible growth problems.Pediatricians record parameters related to growth using growth charts. Growthcharts include measurements of height, weight, and sexual-maturation (Tanner)stages (mainly breast development for females; pubic hair paterns for both sexes;penis and testicle sizes for males). Parent data, such as height, also are oftenrecorded. X-ray images of the wrist are often taken to determine the child�s boneage (as opposed to chronological age). The physician�s major goal in the analysis ofpediatric growth charts and related data is to detect an abnormal growth curve�in particular, a growth pattern that is too slow or too fast.In the domain of monitoring children�s growth, I also tested a different aspect ofthe knowledge-based temporal-abstraction method: The feasibility of acquisitionof the required knowledge by a knowledge engineer. A physician (M. Kuilboer,M.D.), as part of her Master�s degree research on the representation and analysisof pediatric growth charts, performed most of the knowledge-acquisition processmanually, creating a growth-monitoring ontology [Kuilboer, 1994; Kuilboer et al.,1993].The knowledge-acquisition effort required five 2-hour interviews with a pediatricendocrinologist (D. Wilson, M.D). Drs. Kuilboer and Wilson did not have accessto the program code for the temporal-abstraction mechanisms. The physicians,therefore, could use only the domain-ontology structures (and the knowledge-acquisition methodology implied by the knowledge-based temporal-abstractionmethod) as an interface to R�SUM�. Dr. Kuilboer was not familiar with CLIPS(the development shell of R�SUM�), and used a text editor to create the growth-monitoring ontology.10 Figure 6.2 shows a part of the resulting structure of theparameter-properties ontology for the growth-monitoring domain.

10Dr. Kuilboer and I considered using a preliminary version of a PROT�G�-II tool for acquiringontologies [see Section 2.2] for creating at least the basic structure of the growth-chart ontlogy,but we decided to avoid complicating the experiment by introducing additional factors. Inaddition, several additional features are necessary for automated acquisition of temporal-abstraction knowledge; see Chapter 7 for that discussion.

Chapter 6: Applying Knowledge-Based Temporal Abstraction229In the domain of monitoring children�s growth, acquiring the structural knowledgeof the parameter-properties ontology turned out to be the main task. It requiredthree meetings (about 4 hours of Dr. Wilson�s time), since it was crucial to defineprecisely the relevant parameters, interpretation contexts, and relations amongthe parameters. Once the structural ontology was approved by the expert, fillingin the declarative classification and inference tables was relativelystraightforward (another 2 hours of the expert�s time). Maximal-gap (D)functions of abstract parameters were set to infinite persistence of value, sincemost abstract parameters were measured by, or abstracted from, standarddeviation scores from the expected, individualized curve for that parameter.

ParametersAbstractPrimitive

GradientabstractionsRateabstractionsPhysicalRadiology

HTSDSHeight

MaturationHTSDS_stateHTSDS_STATE_STATE(alarm states)HTSDS_gradientHTSDS_rate

ConstantPopulationdistribution

Tanner_state(Tanner SD)Boneage_state(boneage SD)Figure 6.2: Part of the parameter-properties ontology for the domain of monitoring children�sgrowth. The HTSDS parameter has an ABSTRACTED-FROM relation to the Height parameter, tothe internal constant parameters Gender and Midparental_height (not shown), and to the externalconstant parameter Population-distribution. The Tanner class includes several primitive andabstract subclasses of Tanner sexual-maturation—staging parameters, such as measurements ofbreast development and pubic-hair.

= class; �> = IS-A relation; --> = ABSTRACTED-INTOrelation; SD = standard deviation; HTSDS = height SD score; HTSDS_state = HTSDSclassification; HTSDS_state_state = HTSDS_state mapping into (potential) alarm states.

Chapter 6: Applying Knowledge-Based Temporal Abstraction230The growth-monitoring domain includes relatively few primitive parameters.Thus the base of the growth-monitoring ontology�the number of primitiveparameters for the task�is small, relative to other domains. With respect to theheight�measured by the length of the maximal directed path in the graphrepresenting the relations among classes�the ABSTRACTED-INTO hierarchy of thegrowth-monitoring domain was relatively tall (See Figure 6.2). The growth-monitoring ontology�s ABSTRACTED-INTO hierarchy contrasts with ontologies oftypical protocol-based—care domains. In such domains, the ABSTRACTED-INTOhierarchy usually has a broad base of primitive, measured data, but oftenincludes only one or two abstraction levels. The context-specific IS-A hierarchy insuch domains, however, is often taller (see Figure 5.2).Some of the domain-specific computational-transformation functions whichcreated the patient-specific state abstractions of the height and maturationparameters were complex domain-specific functions. For instance, the heightstandard-deviation score (HTSDS) was abstracted from the Height parameter,the internal-constant Gender and Mid-parental-height parameters, and theexternal-constant Population-distribution (of height values) parameter (seeSection 4.1). The Maturation parameter was abstracted from the individualTanner stages (e.g., breast development), the bone age, and the Population-distribution (of maturation stages) parameter. All such abstractions could becomputed, in principle, by classification tables and functions, since the relationsamong all parameters were explicitly defined in the parameter ontology.However, we found it more efficient to exploit one of the features of theR�SUM� system�flexibility in input and output abstraction levels�and use anexternal module for computing these intermediate-level abstractions. TheHTSDS values were computed by Dr. Kuilboer�s CALIPER system forcomputing expected individualized reference curves (IRCs). IRCs use thepopulation distribution, but correct for the patient�s parents� height and otherparameters [Kuilboer, 1994]. Thus, in this case the R�SUM� system used asinput mostly intermediate-level abstractions, such as HTSDS and Maturationscores. (Such values might also be supplied as primitive-input parameters by a

Chapter 6: Applying Knowledge-Based Temporal Abstraction231physician user.) The R�SUM� system is designed to accept data at anyconceptual level; all relations among the HTSDS abstract parameter, theMaturation abstract parameter, and the rest of the parameters in the growth-monitoring parameter ontology, are well defined. Thus, this arrangement fit wellwith the R�SUM� philosophy and demonstrated the advantage of knowledge-based, multiple-level input.Since for technical reasons the knowledge acquisition and the use of theR�SUM� system in the domain of pediatric growth monitoring extended overalmost 1 year, we had several opportunities to test the flexibility of theknowledge-representation methodology with respect to the maintenance. aspect.Modifications and additions to existing tables often proved necessary (e.g.,adding a new state abstraction or defining a pattern), and new interpretationcontexts and related abstractions were sometimes added for testing purposes(e.g., MALE in addition to FEMALE). Maintaining the domain ontologies requiredminimal effort (typically a few minutes per modification), due to theorganization of abstractions by type (e.g., rate abstractions), the explicit relationsamong parameters, and the frame-based inheritance of most temporal-abstraction properties from higher abstraction classes. The ease of maintenancewas tested severely when I had to maintain the knowledge base that wasoriginally created by Dr. Kuilboer. Due to the explicit nature and semantics ofthe growth-monitoring ontology, I needed only a few hours to understand itsstructure completely and to add a modification.Dr. Kuilboer and I tested R�SUM� on three clinical cases previously diagnosedby Dr. Wilson. Figure 6.3 shows part of the resulting output for case 1 (a girlwho had precocious puberty). The input included eight data points: Sevenvalues of the abstract HTSDS parameter and one value (not shown) of theabstract Maturation parameter. The output represents an answer to anOVERALL-type query (see Section 5.4) regarding abstractions of the HTSDSparameter. The overall output abstractions were sufficient to conclude several

Chapter 6: Applying Knowledge-Based Temporal Abstraction232

HTSDS02.04.06.0-2.0-4.0

ContextsFEMALEAbstracted intervals

45678910Age (years)¥

¥¥¥HTSDS_SSHTSDS_GHTSDS_RMILD_ALARMSEVERE_ALARM

SAMEINCREASINGDECREASING

STATICFASTSTATICFASTFigure 6.3: Part of the result of running R�SUM� in the domain of monitoring children�s growth,using the acquired parameter-properties ontology, on case 1 (female patient with precociouspuberty). Input data and resultant abstractions are shown. The input included seven values ofthe abstract HTSDS parameter and one value (+1.53 SD) at the age of 10.2 years (not shown) ofthe abstract parameter Maturation, abstracted from the breast (stage 4) and pubic-hair (stage 3)Tanner stages and the bone age (14 years). Intermediate-length abstractions are not shown. Theexternal temporal-pattern query was an OVERALL-type query for HTSDS abstractions. Theoverall pattern was compatible with a pattern of PRECOCIOUS PUBERTY.

= open-ended context interval;

= closed abstraction interval. HTSDS = height standard-deviationscore, measured in standard deviations from the expected individualized reference curve; ¥ =HTSDS abstraction; HTSDS_SS = HTSDS_state_state abstraction; HTSDS_G = HTSDS_gradientabstraction; HTSDS_R = HTSDS_rate abstraction.

Chapter 6: Applying Knowledge-Based Temporal Abstraction233meaningful alarm states and a pattern abstraction of a precocious-pubertysyndrome11 as that pattern was defined by Dr. Wilson.The total number of abstractions at various levels created in the temporal factbase was 50. These abstractions included intermediate-length and intermediate-level abstractions, which can be viewed also as partial computations (e.g., twoDECREASING(HTSDS) gradient abstractions that were joined into a longerDECREASING(HTSDS) abstraction). Intermediate-level abstractions were stored inthe temporal fact base and maintained by the truth-maintenance system foradditional queries necessitating them. However, these abstractions were hiddenfrom the user; they were used mainly by the temporal-abstraction mechanisms.The external-pattern—matching interface was sufficient to query when necessaryfor only the interesting abstractions, and thus to sift quickly through the resultingdatabase of primitive and abstract parameter points and intervals.The R�SUM� system produced, in this case, 16 (88%) of the 18 abstractionsmentioned by Dr. Wilson. Dr. Wilson agreed with 48 (96%) of the 50 abstractionsproduced.The abstractions in Cases 2 and 3 were compatible with a pattern of �short-stature,� as that pattern was defined by Dr. Wilson12.The abstractions that were produced in the three cases included most of thosethat were volunteered by Dr. Wilson. In particular, they included all of theabstractions defining the highest-level pattern in these cases. These abstractionswere not sufficient to conclude only one diagnosis. However, the abstractionsproduced by R�SUM� in all three cases were sufficient for answering mostintermediate-level queries that Dr. Wilson would have asked, regarding possiblegrowth-development disorders, and for suggesting additional workup of the

11Precocious puberty is a hormonal disorder caused by various reasons. The patient experiencesan early onset of sexual maturation during childhood, often accompanied by a fast, positivechange in the patient�s HTSDS, typically leading to a relatively very tall child. The situation isusually followed by an early onset of closure of the bone growth centers and thus a fast decreasein the HTSDS, leading to a relatively very short child.12�Short stature � denotes usually a possible growth problem, but with no clear pathology; often,it is explained by genetic reasons.

Chapter 6: Applying Knowledge-Based Temporal Abstraction234patient. For instance, a precocious-puberty diagnosis would typically be madeon the basis of additional hormonal tests, and not on the basis of the growth-monitoring parameters that suggested it.The results of applying R�SUM� to these three cases are summarized in Table6.1. For each case, the number of input parameter points (except for constantparameters, such as Gender) is given, as is the total number of abstractions madeby the expert. The total number of abstractions created by R�SUM� is listed, too,including intermediate-level abstractions. The number of the generatedabstractions that were considered correct by the expert is noted, providing somemeasure of a �temporal-abstraction predictive value.� Finally, the number of theexpert�s abstractions that was produced by R�SUM� is shown, providing somemeasure of �temporal-abstraction sensitivity.�One reason the expert did not agree with all the R�SUM� output abstractionswas that, in some cases, the temporal-semantic properties (such asCONCATENABLE) seemed to depend on the length of the interval over which aparameter proposition was true. Thus, a MILD-ALARM value of the HTSDSabstraction might in general be concatenated to another MILD-ALARM value, butTable 6.1. Abstractions formed by the pediatric endocrinologist and by the R�SUM� system inthe domain of monitoring children�s growth.MeasureCase 1Case 2Case 3

Number of input data points865

Number of expert�s abstractions18109

Total number of abstractionsgenerated by R�SUM�501419

Number of generated abstractionsconsidered correct by the expert481318

Number of expert�s abstractionsgenerated by R�SUM�1697

Chapter 6: Applying Knowledge-Based Temporal Abstraction235 if the two abstractions existed for a significant period (e.g., 2 years each), theresult of the join might be better characterized as a more alarming state, due tothe long period. In other words, two small problems might together prove to bea bigger one. Several solutions suggest themselves: Such a time-dependent joinmight be represented as an abstraction of type PATTERN (while other joins areprevented), or the length of time might be a factor for determining temporalsemantic properties, or the maximal-gap (D) function for joining such intervalsshould prevent the join. It would seem that the first solution should suffice formost domains, and has the advantage of not adding any undue complexity.The main goal in the growth-monitoring domain was not to reach any finaldiagnosis, but rather was only to decide whether there was any abnormality inthe growth chart that might fit a set of predefined internal patterns. In addition,a goal was to answer multiple user-defined temporal queries regarding relevantintermediate-level abstractions. If an abnormality were detected by such aninternal or external query, the physician�s attention would be called to monitorthe particular child, or ask additional queries.These two goals, an alarm-sounding goal and an interactive-querying goal, aretypical of the intermediate-level diagnosis of the temporal-abstraction task. Theyare important both for highly structured, guideline-oriented domains, such asprotocol—based care, and for open-ended domains, such as growth-chart analysis.The goal of supporting therapy decisions is demonstrated in the domain ofinsulin-dependent—diabetes treatment, presented in Section 6.3.6.3 The Diabetes-Monitoring DomainAs part of the AAAI 1994 Spring Symposium on Artificial Intelligence inMedicine, participants were given access to a large electronic database includingmeasurements of glucose, administrations of insulin, and other data pertinent toseveral patients who have insulin-dependent diabetes mellitus (DM) (Kahn, M.

Chapter 6: Applying Knowledge-Based Temporal Abstraction236G., personal communication). I used this clinical database to test additionalaspects of the R�SUM� system. Working with two endocrinologists whospecialize in the care of patients who have insulin-dependent diabetes (F. B.Kraemer, M.D., and L. V. Basso, M.D.), I created a parameter-properties ontologyfor the domain of insulin-dependent diabetes (Figure 6.4), an event ontology

Mapping tablesInference tablesInferentialpropertiesMaximal-gap functionsParameters

GlucoseQualitative_physicalHypoglycemia_symptomsGlucose_stateGlucose_state_DM

Glucose_state_state_DM

Glucose_state_DM_postprandial

State abstractionsLaboratoryPhysicalAbstractGlucose_state_DM_prebreakfast

Figure 6.4: Part of the diabetes parameter-properties ontology. The Glucose parameter isabstracted into the Glucose_state parameter. This abstract parameter has a specialized subclass inthe DM context, and is abstracted in that context into the Glucose_state_state parameter. TheGlucose_state_DM class is further specialized in the preprandial and postprandial contexts, eachof which has several subclasses corresponding to the different relevant premeal contexts.

=class; = property;

= I S -A relation;

= ABSTRACTED-INTO relation;

˚= PROPERTY-OF relation; DM = diabetes mellitus.

Chapter 6: Applying Knowledge-Based Temporal Abstraction237(e.g., insulin therapy, meals, physical exercise) (Figure 6.5), and a contextontology (e.g., preprandial and postprandial contexts and subcontexts, andpostexercise contexts) (Figure 6.6). Creating the ontologies and filling all tablesrequired about four 2-hour meetings with Dr. Kraemer. (Three additionalmeetings with each of the two experts were needed for carrying out theparticular experiment that I describe in this section).In the diabetes-therapy ontology, administrations of regular insulin and ofisophane insulin suspension (NPH) are events (see Figure 6.5), inducing differentinsulin-action interpretation contexts that are subcontexts of the DM (DM treatment)interpretation context (see Figure 6.7a). Meals are events that induce preprandialand postprandial contexts (see Figure 6.7b). Thus, values for the

Regular_insulinNPH_insulinUL_insulin

BreakfastLunchSupperSnackEventsMedicationsInsulin

Physical exercise

Meals

Warm upMain effort

Regular_insulin_actionFigure 6.5. Part of the diabetes event ontology. = class; = induced interpretationcontext;

= IS-A relation;

˚= PART-OF relation;

= INDUCED-BY relation.

Chapter 6: Applying Knowledge-Based Temporal Abstraction238Glucuse_state_DM_prebreakfast parameter (see Figure 6.4) can be created, whenrelevant, regardless of absolute time. The Glucose_state parameter is a newparameter with six values defined from corresponding ranges used by thedomain expert (HYPOGLYCEMIA, LOW, NORMAL, HIGH, VERY HIGH, EXTREMELYHIGH). These values are sensitive to the context in which they are generated; forinstance, postprandial values allow for a higher range of the normal value.Glucose_State value propositions have the value TRUE for the temporal-semanticproperty concatenable (see Section 4.2.3) in the same meal-phase context. TheGlucose_State_State parameter is a higher-level abstraction of the Glucose_Stateparameter, which maps its six values into three (LOW, NORMAL, HIGH�or L,N,Hfor short). It has different semantic properties, and allows creation of dailyhorizontal-inference patterns within a nonconvex preprandial context

Regular_insulinaction

DMPreprandialPostprandialPost_PE

PrebreakfastPost_PE

PrelunchPresupperFigure 6.6. Part of the diabetes context ontology. = class;

= I S -A relation;

˚= SUBCONTEXT relation; DM = diabetes mellitus; PE = physical exercise.

Chapter 6: Applying Knowledge-Based Temporal Abstraction239

+0.5 hrs+10 hrsRegular_insulin_action

Regular_insulin

DM_regular_insulin_action

Postprandial

Preprandial

+1 hrsMeal

0 hrs

-1 hrs0 hrs

DM_Postprandial

DM_preprandialDM

Time(a)(b)

Figure 6.7. Formation of contexts in the diabetes-treatment domain.(a) Creation of a Regular_insulin_action context, induced by a Regular_insulin administrationevent, and of the corresponding DM subcontext.(b) Creation of the Postprandial and Preprandial (prospective and retrospective, respectively)context intervals, induced by a Meal event, and formation of the corresponding DMsubcontexts.

= event;

= closed context interval. DM = diabetes mellitus (therapy context).

Chapter 6: Applying Knowledge-Based Temporal Abstraction240(see Section 5.1.2) representing abstraction over several meal phases, such as LLH(LOW, LOW and HIGH Glucose_State_State values over breakfast, lunch, andsupper, respectively).Patterns such as L L H (Glucose_State_State), especially in the preprandialsubcontext, are extremely useful when a physician must decide how to modify apatient�s insulin regimen. Furthermore, once created, the prevalence of suchpatterns can be calculated�an important step in determining whether thepattern is a common one for the patient.Glucose_State_State values that are measured within different phases (e.g.,prelunch and presupper), but within the same-day, can be joined byinterpolation within the same interpretation context (e.g., a (nonconvex)PREPRANDIAL context interval, that comprises several preprandial contextintervals), up to 6 to 8 hours apart, the maximal gap being defined by a global Dfunction. In addition, diurnal state abstractions that are measured in the samephase but over different (usually consecutive) days, such as several values of theGlucuse_state_DM_prebreakfast parameter, can be joined by interpolationwithin the same interpretation context (e.g., a [nonconvex] PREBREAKFAST contextinterval, that comprises all breakfasts within a given interval), up 24 to 28 hoursapart.The temporal-abstraction process is initiated by asserting in an appropriate placein the temporal fact base an abstraction-goal proposition named DM_PLANNING.Asserting this proposition initiates the reasoning by inducing a DMretrospective-context interval for the preceding 2 weeks. This interpretationcontext enables, within its scope, creation of the DM domain abstractions. Thetime window of 2 weeks is used by the domain expert in practice. It can be easilymodified for particular applications, by changing the declarative definition of thedynamic induction relation of a context interval (DIRC) (see Section 5.2)associated with the abstraction-goal proposiiton.The raw data were originally stored in a text format (patient identificationnumber, parameter code, time, value). Most of the glucose-parameter codes

Chapter 6: Applying Knowledge-Based Temporal Abstraction241referred to specific meal times (e.g., a presupper-glucose code) but some referredto simply �nonspecific� glucose values, in which case only the time stamp wasknown. The data included mostly glucose and insulin codes. Special events(e.g., physical exercise and larger-than-usual meals) were sometimes reportedtoo, as well as symptoms of hypoglycemia.The data were converted into tuples in a relational database. From the database,it was relatively straightforward to map the data into the R�SUM� temporal factbase as event and parameter intervals (see Section 5.4), adding the impliedcontexts when relevant. From the database, it was also possible to map the datainto a spreadsheet, organizing the data by common measurement times, thushighlighting contemporaneous events or parameters. The spreadsheet wasuseful for the production of graphical charts (Figure 6.8) and spreadsheet tables(Figure 6.9) during the knowledge-acquisition and evaluation processes.

Patient 30 during 4/1-4/7/910501001502002503004/1/910:004/2/910:004/3/910:004/4/910:004/5/910:004/6/910:004/7/910:004/8/910:00

Regular

NPHNonspec GL

Prebreak GL

Prelunch GL

Presupper GLFigure 6.8: One of the charts representing data from case 30. Such charts were presented to theexperts as convenient means for detecting temporal patterns. Temporal and statisticalabstractions were marked as intervals on the chart.

Chapter 6: Applying Knowledge-Based Temporal Abstraction242I submitted to the two experts (separately) eight data segments from eightdifferent patients, each segment consisting of 2 consecutive weeks (14 days) ofglucose-measurement and insulin-administration data. The data were presentedto the experts as graphical charts (see Figure 6.8) and as spreadsheets (see Figure6.9). The spreadsheets were included for additional reference, such as forTimeRegularinsulinNPHinsulinNonspecificglucosePrebreakfastglucosePrelunchglucosePresupperglucose

4/1/91 8:00527153

4/1/91 12:003137

4/1/91 22:00167

4/2/91 8:00527162

4/2/91 12:003157

4/2/91 18:006168

4/2/91 22:00197

4/3/91 8:00527265

4/3/91 12:003243

4/3/91 18:006213

4/3/91 22:00189

4/4/91 8:00527115

4/4/91 12:003129

4/4/91 18:006164

4/4/91 22:00182

4/5/91 8:00527212

4/5/91 12:003193

4/5/91 18:006177

4/5/91 22:00201

4/6/91 8:00527193

4/6/91 12:003176

4/6/91 18:006198

4/6/91 22:00189

4/7/91 8:00527253

4/7/91 12:003231

4/7/91 18:006181

4/7/91 22:00141

Figure 6.9: A portion of a spreadsheet representing data from case 30. Such spreadsheets werepresented to the experts to complement the charts presenting the same data : The spreadsheetenabled the experts to examine precise values of insulin doses and glucose values.

Chapter 6: Applying Knowledge-Based Temporal Abstraction243looking up the precise dose of insulin administered or a glucose value. Overall, Ishowed to each expert 112 days of data. Each day included 3 to 4 insulin-administration events and 3 to 5 time-stamped glucose measurements. Thus,each expert examined approximately 800 points of data. (The �nonspecific�glucose measurements such as are shown in Figure 6.9 were mostly bedtimemeasurements that were unconnected with a meal, or special measurements,such as following a hypoglycemia-symptoms episode.)I asked the experts to mark on the charts the significant point- or interval-basedabstractions (both temporal and statistical) that they would make from the datafor the purpose of therapy. I also asked for their therapy recommendations.An example of running the R�SUM� system on certain of the data, using asinputs both the diabetes ontology (Figures 6.4 through 6.6) and the patient-specific raw data, is shown in Figure 6.10.In the particular time window shown, two significant findings are demonstrated:1. A period of 5 days of HIGH presupper blood-glucose values was created bythe abstraction process. This abstraction was returned in response for anEXISTS_THROUGHOUT external query for a period of at least 3 days ofthe Gl_S_S parameter, with value HIGH, in the presupper [nonconvex]context).2. A set of three Gl_S_S abstractions representing a repeating diurnal pattern,consisting of NORMAL or LOW blood-glucose levels during the morningand lunch measurements, and HIGH glucose levels during the presuppermeasurements. Individual abstractions in the set were created by theabstraction process; the whole set was returned in response to anOVERALL external set query for Gl_S_S values in the preprandial[nonconvex] context.

Chapter 6: Applying Knowledge-Based Temporal Abstraction244

.

DNNHDDDDDTime (date in 1990)

|Bloodglucosevalues100DM_planning_eventDM

2007/267/257/247/237/22

GLSS_DM_PS¥¥

NNHNLH¥GLSS_DM_preprandialH

Figure 6.10: Abstraction of data by R�SUM� in case 3.

= (open) context interval;

= abstraction interval; r = prebreakfast glucose; ¥˚=prelunch glucose; D = presupper glucose; DM = diabetes mellitus therapy context; GLSS_DM_PS= Glucose_state_state abstraction in the DM and presupper context; GLSS_DM_PREPRANDIAL =Glucose_state_state abstraction in the DM and preprandial context.The combined pattern suggests that an adjustment of the intermediate-actinginsulin (e.g., NPH) may be indicated. This pattern was noted in the data assignificant by both experts.Either pattern also can be predefined as an internal PATTERN-type parameter, ifdesired. However, the second pattern involves, in the general case, a countingstep (n occurrences of pattern P within a certain period). Counting is a simplestatistical abstraction, but currently outside of the scope of the R�SUM�temporal-pattern—matching language, which focuses on time and valueconstraints. (Statistical patterns could be queried by saving the abstractions inthe database and employing additional temporal-query mechanisms; seediscussion in Section 8.4.2.)

Chapter 6: Applying Knowledge-Based Temporal Abstraction245The results of the abstraction experiment are listed in Table 6.2. Together, thetwo experts noted 402 abstractions. The abstractions included 218 differentinterval-based abstractions (185 temporal abstractions, such as �increasingglucose values from prebreakfast values to presupper values during the week,�and 29 different statistical abstractions, such as �large variance of presupperglucose values�). One hundred and eighty eight different abstractions (164temporal and 24 statistical) were noted by both experts. Of the remaining 30abstractions mentioned by only one of the experts, most were noted by only thatexpert because the other expert omitted to comment explicitly on the same datapoint(s), but his interpretation either was compatible with the first expert�sabstraction, or clearly supported or implied that interpretation. (Each expert wasasked to comment about other, alternative interpretations, that included theother expert�s abstractions.) Only nine abstractions overall (six temporal, threestatistical), each of which was created by just one of the experts, were indeednoncompatible abstractions of the same data (that is, mutually exclusive with thebstractions created for that time period by the other expert). For example, in oneabstraction, one expert interpreted a particular pattern of early morninghypoglycemia followed by a high prebreakfast glucose value as a possibleTable 6.2: Abstractions formed by two experts in the diabetes domain.Expert Temporal abstractions Statistical abstractionsTotal compatiblenoncompatiblecompatiblenoncompatible

I1792241206

II1644262196 subtotal3436503402

Total34953402

Chapter 6: Applying Knowledge-Based Temporal Abstraction246a Somogii effect.13 The other expert interpreted the same sequence as reboundhyperglycemia caused by increased food intake due to the hypoglycemiasymptoms. Other idiosyncratic abstractions included noting a pattern of veryhigh glucose levels following larger than usual meals during particular phases ofthe day, a pattern of low prebreakfast and high presupper glucose values in thecontext of an UltraLente insulin regimen, a high variance in bedtime glucosemeasurements, and a weekend �large brunch� phenomenon.Since all the 164 compatible abstractions mentioned by Expert II were mentionedby Expert I, I considered that set as the set of common abstractions. TheR�SUM� system created 132 (80.4%) of the 164 temporal abstractions noted byboth experts. None of the nine noncompatible abstractions mentioned by onlyone of the experts were created; these abstractions usually involved complextemporal or statistical contexts, such as contexts defined by particular insulinregimens or by glucose variance and minima during specific diurnal phases.Additional characteristics of the abstractions that proved hard to create arediscussed in Section 6.4.As was the case in the domain of monitoring children�s growth, the R�SUM�system produced many additional abstractions, most of which were low- andintermediate-level abstractions such as glucose-value range classifications andgradient abstractions, and intermediate-length abstractions. Again, most of thesecould be viewed as partial computations that are invisible to a user that defines aparticular internal pattern or that asks a particular external query, but that areuseful for anticipating potential queries. For reasons of limited expert time, notall these low-level abstractions were examined. Examination of the output forthe first three cases with one of the experts showed that the expert agreed withalmost all (97%) of the produced abstractions, a similar result to the onepresented in the domain of growth monitoring. This high predictive value wasexpected, since the domain ontology directly reflected that expert�s knowledge

13 A Somogii effect occurs when an excess of insulin lowers the blood glucose to a state ofhypoglycemia, thus invoking several hormonal defense mechanisms that increase the bloodglucose. The overall effect is a paradoxical (rebound) elevation of the blood glucose in thecontext of a sufficient and even too large insulin dosage.

Chapter 6: Applying Knowledge-Based Temporal Abstraction247about these low- and intermediate-level abstractions. In the few cases withwhich the expert did not agree, the reason was often due to the rigidclassification of ranges (e.g., a blood-glucose value of 69 mg/dl glucose shouldnot have been interpreted as LOW even if the expert agreed that, in general,normal values lie between 70 mg/dl and 110 mg/dl). I discuss the range-classification issue in Section 8.4.Of considerable interest (and quite different from the result we expected) is thefact that, although the abstractions identified by the two domain experts wereremarkably similar, the therapy recommendations suggested by the experts differedfor all of the eight cases (Table 6.3). I discuss the meaning of this result in Section6.4.Another surprising result was that both experts arrived at most of theirconclusions by looking only at the graphical charts produced from thespreadsheets (see Figure 6.8), whose data representation was rather qualitativeand more suitable for general temporal-pattern matching. The detailedspreadsheets (see Figure 6.9) were used almost exclusively only when the therapyoptions were considered (e.g., increasing the regular-insulin dose in the morningrequired looking at the current dose of that and other insulin types). Thephenomenon would seem to suggest that the experts base most of theirconclusions on context-sensitive patterns of blood-glucose value (e.g., HIGHfasting [prebreakfast] glucose values in a patient that is being treated by aregimen of NPH and regular insulin twice a day), and need the actual doses ofinsulin only infrequently.

Chapter 6: Applying Knowledge-Based Temporal Abstraction248Table 6.3: Therapy recommendations made by the diabetes expertsCaseIDCurrent insulin-therapyregimenaExpert IrecommendationExpert IIrecommendation

1NPH at MTREGx3 (MT, LT, DT)Check lifestyle(highly erratic)Add NPH at BT

2REGx4 (MT, LT, DT, BT)Add NPH at BTAdd NPH at BTIncrease REG at MT

3UL at MT, DTREG at AM, DTSubstitute UL at MT by NPH at MT, DTAdd REG at LT

5NPH at MT, DTREG at AM, DTIncrease NPH at MT,decrease NPH at DTIncrease NPH at MT,then adjust REG, ifnecessary

6NPH at MTREGx3 (MT, LT, DT)Decrease dinner mealor add NPH at BTShift NPH to BT,then add NPH at MT,if necessary

7NPH at MTREGx3 (MT, LT, DT)Check life style,change dietCheck life style,change diet,reduce REG whenglucose is low

30NPH at MTREGx3 (MT, LT, DT)Substitute NPH at MTby UL at AMor shift NPH to BT andincrease REG beforemealsShift NPH to BT

55UL at MTREGx4 (MT, LT, DT, BT)Substitute UL at MT by NPH at BT,remove REG at DTIncrease UL at MT,shift REG at MT to LTremove REG at DT aMT = morning time; LT = lunch time; DT = dinner time; BT = bedtime; REG = regular insulin;NPH = isophane insulin suspension; UL = UltraLente.

Chapter 6: Applying Knowledge-Based Temporal Abstraction2496.4 Discussion and SummaryIn previous chapters, I have presented mainly the theoretical and the potentialmerits of the knowledge-based temporal abstraction method. In this chapter, Ihave evaluated the implementation of that method as the R�SUM� system. Bydoing so, I have added an empirical weight to my argument. I have argued thatmost of the desired properties that were emphasized by previous researchers inclinical summarization systems (see Section 3.2), and, in particular, all of therequirements for temporal-abstraction systems which were listed in Section 1.1,are either inherent in the representational and computational aspects of theknowledge-based temporal-abstraction method or are an integral part of theR�SUM� architecture. I will discuss this claim in detail in Section 8.2.In this chapter, I have presented initial, encouraging results regardingrepresentation of several different temporal-abstraction tasks in several differentclinical domains using the knowledge-based temporal abstraction methodology.I also have demonstrated positive results of applying certain of the resulting,domain-specific temporal-abstraction systems to a number of clinical test cases,some of which (those involving growth monitoring and diabetes therapy)originated in domains that differ significantly from the one that supplied theoriginal motivation for developing a domain-independent, task-specificarchitecture for temporal abstraction.Each clinical application domain demonstrated different facets of the R�SUM�system. Due to their diversity, none of the domains truly tested all of the aspectsof the R�SUM� system and the underlying knowledge-based temporal-abstraction methodology.The �tall� ABSTRACTED-INTO ontology of the growth-monitoring domainchallenged mainly the capabilities of the contemporaneous-abstraction andtemporal-pattern—matching mechanisms to perform multiple-parameterabstraction, given any level of abstraction in the input (e.g., accept not only raw

Chapter 6: Applying Knowledge-Based Temporal Abstraction250height measurements and Tanner maturation stages as input, but also theintermediate-level parameters HTSDS and Maturation). The number of inputdata points per case was rather small, as is typical for this sparse-data domain.The protocol-based—care domains did include many data points, and the breadthof the parameter ontology was considerable (clinical protocols often involvemany dozens of primitive parameters). However, the depth of the ontologies ofthose domains was not due to the ABSTRACTED-INTO relation, but rather was dueto the specialization of the abstractions, by the IS-A relation, into differentcontexts. These contexts, some direct and some prospective, were inducedmainly by different phases of therapy or by different medications, demonstratingthe use of the context-forming mechanism and of the event and contextontologies. In addition, the hematological abstractions over weeks and monthsrequired the use of dynamic temporal knowledge (i.e., local and globalpersistence knowledge) by the temporal-interpolation mechanism. Finally, dueto laboratory data coming out of temporal order, or modifications in existentlaboratory-data values, these domains demonstrate the importance ofmaintaining logical dependencies by the truth-maintenance system.The diabetes therapy domain included only one laboratory parameter (glucosevalues at different phases of the day) and one qualitative parameter(hypoglycemia symptoms) and several events (different types of insulinadministrations, meals, and physical exercise). However, the emphasis ontemporal and statistical dimensions in that domain made abstracting conceptsthat are meaningful for therapy purposes quite challenging, and pushed thetemporal-inference and temporal-pattern matching mechanisms to their limits.In fact, the results of the relatively small experiment have shown that additionalfeatures are needed for a complete temporal-abstraction architecture that issuitable for supporting the treatment of insulin-dependent patients. (Most of therequired features are in fact planned for a future system that will include in itsarchitecture the R�SUM� system discussed in this dissertation.)

Chapter 6: Applying Knowledge-Based Temporal Abstraction251I have noticed three limitations of the current R�SUM� system with respectto the challenging diabetes-therapy domain:1. There are difficulties in querying general cyclical (e.g., diurnal) patterns,especially patterns dependent on external times. In the current designof the diabetes knowledge base, for instance, diurnal patterns aredetected through horizontal-inference tables (e.g., creating an LLHabstraction for prebreakfast, prelunch and presupper times). It wouldhave been awkward to represent, say, a repeating pattern of LOWbedtime glucose followed by HIGH prebreakfast glucose. First, the�bedtime� abstraction would have to be created as a repeating, cyclicabstraction�say, the absolute, external, time being about 10 p.m. eachday. But absolute time is currently converted in R�SUM� to the morecommon internal time (e.g., patient-age in the growth-monitoringdomain; days of therapy in the protocol-based care domains), and onlyone time stamp is kept. Similarly, a �weekend� abstraction would beawkward to define. Representing both external time (e.g., 10 p.m.) andinternal time (e.g., 5 days of therapy) might enable R�SUM� to createboth types of temporal abstractions. Second, bridging the gap betweenbedtime and prebreakfast time would be prevented by the preprandialinterphase D functions that currently permit bridging only shorter gaps(e.g., from lunch to dinner), thus keeping the abstractions within thesame day. The join might need to be defined as a temporal-pattern, oras an extension of D functions that enables different contexts.2. There is a difficulty in integrating statistical queries (e.g., means andstandard deviations) with temporal queries. The statistical queries arestraightforward (mean, variance, minimum, maximum, generaldistribution, count) and usually can be queried through the underlyingdatabase. However, the statistical computation needs a temporal context(e.g., prelunch times) in which to operate, and a temporal scope to limit

Chapter 6: Applying Knowledge-Based Temporal Abstraction252the computation (e.g., previous 2 weeks). I discuss a possible solutionin Section 8.4.2.3. It might have been desirable to detect patterns defined by events, such asinsulin use, in addition to those defined by parameters, such as glucosestates. Such a requirement has not been noted in other domains, since theexternal events were usually assumed to be controlled by the human orautomated therapy planner (e.g., chemotherapy administration wascontrolled by the physician and the current protocol was well known). Suchevent-based patterns in the diabetes domain might generate moremeaningful interpretation contexts, by detecting periods in which thepatient varied her own therapy significantly, or by detecting insulin-therapyregimens implicit in the data but never asserted by the physician or thepatient (see Table 6.3 for examples of insulin-therapy regimens). Such earlywork in the diabetes domain has been described by Kahn and his colleagues[Kahn et al., 1990], with encouraging results. Alternatively, complexcontexts might be asserted in the temporal fact base by the user before theR�SUM� system is called for performance of abstraction.These insights seem more significant than the measures of sensitivity andpredictive value I have presented in the domains of monitoring growth andtreatment of diabetes. The number of generated abstractions or their accuracy isuseful for some purposes but might be highly misleading with respect toevaluating a temporal-abstraction system. As I have mentioned, many of theabstractions that R�SUM� generates can be viewed as partial computations.These partial computations are cached, and have an important role for truthmaintenance purposes and for answering multiple-level queries. Most of theseabstractions are invisible to the user, whether a human or an automated therapyplanner, and are used by the temporal-pattern—matching mechanism fordetecting internal (predefined) or external (online) temporal patterns. Therefore,the question I have attempted to answer usually was �would the system be able toanswer the temporal queries that the user needs for performance of the task at hand?� In

Chapter 6: Applying Knowledge-Based Temporal Abstraction253this respect the results were quite encouraging, although, as I have listed above,there is some room for extensions.Although the abstractions identified by the two domain experts were remarkablysimilar�there were few differences in the interpretation of the various datasegments presented�the therapy recommendations suggested by the expertsdiffered for all of the eight cases (see Table 6.2). This observation would seem tovalidate one of the basic premises underlying the goal of the temporal-abstraction task�namely, that intermediate conclusions from the data (theinterval-based abstract concepts and patterns) are significantly more stable thanare specific therapy rules predicated on these conclusions. Thus, knowledgeabout forming the intermediate patterns should be represented explicitly andseparately from knowledge about therapy, which might depend on the expert�slevel of comfort and experience with particular forms of therapy when severallegitimate options exist, as is the case for insulin-dependent DM. The optimaltherapy might also depend on the patient�s preferences (e.g., using a long-actinginsulin and thus reducing the number of injections per day might be considereddesirable by the patient, even though control of glucose is not optimal). In otherwords, therapy also implies a physician model and a patient model of utilities ofvarious options, and should not be confused with the interpretation task.The observation that both experts in the diabetes domain seemed to rely almostexclusively on the rather qualitative graphical charts for interpretation of thedata, and used the full spreadsheets only for final decisions on therapymodification, is significant. This observation lends further support to the use ofthe qualitative interpretation contexts as a major tool for organizing temporal-abstraction knowledge. For instance, both experts noted immediately, beforecreating a single abstraction, particular temporal patterns of insulinadministration (e.g., one NPH-insulin shot in the morning and three regular-insulin shots during morning, lunch and supper). It did not seem to matter whatwere the precise doses involved. This behavior is analogous to the way thecontext-forming mechanisms creates context intervals: Events and abstractionsinduce interpretation contexts that are mostly qualitative, such as �regular-

Chapter 6: Applying Knowledge-Based Temporal Abstraction254insulin action� or �therapy by high-dose AZT.� Within these context intervals,creation of abstractions is highly focused.My initial assessment of the knowledge-acquisition requirements for typical clinicaldomains is based on the experience I gained in applying the knowledge-basedtemporal-abstraction method to the AIDS protocol-based—care domain, to thechronic GVHD domain, to the growth-chart—monitoring domain, and to thediabetes-therapy domain. My experience in these application areas suggeststhat, for any particular context in one of these domains, a significant, butmanageable amount of knowledge must be acquired. This knowledge must beentered either by the knowledge engineer who designs the system, or by aclinical expert from whom specific knowledge (e.g., classification tables) isacquired and represented in the domain�s temporal-abstraction ontology. Boththese users can benefit from an automatically generated knowledge-acquisitiontool that can acquire the appropriate domain-specific knowledge needed toinstantiate the temporal-abstraction mechanisms (see Chapter 7).The minimal amount of clinical knowledge that needs to be acquired includes (1)the primitive or abstract clinical parameters relevant to the task and theirstructural relations�in particular, IS-A and ABSTRACTED-INTO relations(including all the relevant abstractions of these parameters, classified into thefour basic abstraction types: state, gradient, rate, and pattern); (2) a clinicallysignificant change for each relevant primitive parameter, if gradient abstractionsare required; (3) the list of potential state- and rate-abstraction values for allparameters relevant to the task for which these abstraction types are required;and (4) the maximal-gap D functions, when interpolation is required in the task,for each relevant parameter and context.The inferential (temporal-semantic) properties, gradient-abstraction horizontal-inference values, and the interpolation-inference tables are more stable than theknowledge types listed above, and are less dependent on the interpretationcontext. The default values for these types of temporal-abstraction knowledgeeither can be inherited through the appropriate abstraction class (e.g., state

Chapter 6: Applying Knowledge-Based Temporal Abstraction255abstractions), or can be acquired for only the most general parameter class (e.g.,platelet state abstractions in the context of the overall task). As additionalapplications are designed, the gain in development time is more apparent, as Ihave noticed in the case of the several subdomains of protocol-based care.Although instantiating the temporal-abstraction mechanism for a new domainwould appear superficially to involve significant amounts of knowledgeacquisition, it is, in fact, important to note the following encouraging results ofmy experiments with respect to this aspect of the methodology:1. The major knowledge-acquisition effort in these nontrivial domainsusually required two to four meetings (each 1 to 2 hours long) with theexpert�a tenable amount of time. Also, the size of the ontologies wascertainly manageable, even though one or more explicit, intermediatelevels of abstraction were added. The addition, however, was related tothe abstraction levels of the expected input and of the expected queries.Furthermore, maintenance of the resultant knowledge base by theknowledge engineer, including additional classifications by the expert,required significantly less time than would be needed to create or modifypure programming code.2. The knowledge-acquisition process was driven by the knowledge-basedtemporal-abstraction method, thus creating a purposeful structure to theprocess, and enabling the knowledge engineer to predict, for instance, apossible existence of a gradient abstraction of a state abstraction of aknown parameter. Thus, a certain measure of completeness isguaranteed. Additional sessions served to explore and refine theevolving parameter, event, and context ontologies, as was particularlyapparent in the growth-monitoring domain [Kuilboer et al., 1993]. Dr.Kuilboer and I felt that, without that methodology, it is doubtful whethereither of us would progress very far in a few meetings with the expert, orwhether I would be able to share and reuse the knowledge acquired byDr. Kuilboer.

Chapter 6: Applying Knowledge-Based Temporal Abstraction2563. Most important parameters and their values must be represented in oneway or another to perform the temporal-abstraction task at hand.Hematological toxicity tables (in protocols for treatment of AIDS orchronic GVHD), HTSDS rate abstractions (in the growth-monitoringdomain), and ranges and patterns of blood glucose in the domain of caringfor diabetes patients need be noted in some fashion. Thus, most of theknowledge-acquisition effort was really spent on organizing in a usefularchitecture a significant amount of knowledge that must be accessed andrepresented, implicitly or explicitly, to solve the task. Explicitrepresentation, as I have shown, has multiple additional benefits; in theexperiments that I have conducted, its cost was not too prohibitive, whilethe results seemed to justify the effort.

Chapter 7: Acquisition of Temporal-Abstraction Knowledge2577 Acquisition of Temporal-AbstractionKnowledgeIn Chapter 4, I defined the knowledge-based temporal-abstraction method, aninference structure that solves the temporal-abstraction task by decomposing thattask into five subtasks (see Figure 1.2). Each subtask can be solved by one of fiveseparate temporal-abstraction mechanisms (see Section 4.2). I defined fourdomain-specific knowledge types (structural, classification, temporal-semantic, andtemporal-dynamic) that are used as knowledge roles (see Section 2.1) by thetemporal-abstraction mechanisms. The four knowledge types and their preciseuse by the mechanisms were described formally in Chapter 4. The subtypes ofthe four main categories of domain-specific knowledge were described in Section5.1. The representation of every subtype of domain knowledge in the R�SUM�system was discussed in Sections 5.1 through 5.4.In Chapters 2 through 5, I elaborated the various advantages of explicitrepresentation of the knowledge needed for abstracting data over time, such asenabling the reuse of domain-independent, but task-specific, temporal-abstractionmechanisms, and the sharing of some of the domain-specific knowledge bydifferent problem solvers. In particular, I explained in Chapter 2 the rational fora knowledge-level analysis and representation of problem-solving methods. Oneof my goals in categorizing the various types and subtypes of the domain-specificknowledge needed for abstraction of time-stamped data, and for designing theframe-based parameter-properties ontology, was to facilitate the acquisition ofthat knowledge from several possible sources. Once we understand theknowledge required for temporal abstraction (e.g., temporal inferentialproperties), and have constructed a model of the use of that knowledge, it iseasier to acquire the particular knowledge that can play the role we need in theknowledge-based temporal-abstraction method. It is also easier to maintain the

Chapter 7: Acquisition of Temporal-Abstraction Knowledge258acquired knowledge when the role of every piece of knowledge is well defined[McDermott, 1988].There are three possible approaches to the task of acquiring the knowledgerequired by the temporal-abstraction mechanisms. All approaches exploit theformal, explicit representation of the temporal-abstraction knowledge types. InSections 7.1 through 7.3, I elaborate these approaches. The three approaches arenot mutually exclusive, and might even complement each other.7.1 Manual Acquisition of Temporal-Abstraction KnowledgeOne possibility for acquiring temporal-abstraction knowledge is to use classicalmanual or semimanual knowledge-acquisition (KA) techniques that have beendeveloped to elicit knowledge by direct interaction of the system developer withdomain experts. Such techniques include, for example, analysis of verbalprotocols documenting the expert�s problem-solving process (e.g., [Ericsson andSimon, 1984]), or construction of repertory grids that associate domainconstructs (e.g., findings such as �low blood pressure�) with domain elements(e.g., diagnoses such as �myocardial infarction�). Tools have been built thatfacilitate construction of repertory grids [Boose and Bradshow, 1986]. However,these particular approaches conceal the actual problem-solving method implied bythe KA tool.The knowledge roles defined by the knowledge-based temporal-abstractionmethod and by the mechanisms that I suggest for performing the subtasks thatthat method posts are explicit. The explicit roles suggests using at least amethod-specific KA approach [Musen, 1989b]; that is, acquisition of precisely theknowledge required by the five temporal-abstraction mechanisms (e.g.,temporal-semantic knowledge). Furthermore, for any particular domain, a task-specific approach [Musen, 1989b] is indicated; that is, we can acquire preciselythe knowledge required for instantiating the temporal-abstraction mechanismsfor a particular task in a particular domain (e.g., only knowledge required forcreating state and gradient abstractions, but not for creating rate abstractions,and for only a particular class of parameters). Task-specific KA tools require that

Chapter 7: Acquisition of Temporal-Abstraction Knowledge259we use the terms of the domain, such as cycles of chemotherapy. Note that theoriginal PROT�GE system [Musen, 1989a] was a method-specific KA tool, whichgenerated task-specific KA tools similar to OPAL [Musen et al., 1987] (see Section2.2). Both were automated tools.However, method- and task-specific KA techniques do not have to rely onautomated tools, such as OPAL; they also can be manual. Note that use of theterm manual here does not mean that the knowledge is acquired in some ad hocmanner. On the contrary, if the knowledge engineer knows what knowledge sherequires, and manages to build a good conceptual model of the problem-solvingmethod that underlies the system being designed, she can elicit that knowledgeand incorporate it into the conceptual model of the task that she is constructing.Incorporating the knowledge will be done in a principled manner, such that theuse of the knowledge will be well defined, and its maintenance facilitated. Theemphasis in that case is on a principled approach driven by a well-definedmodel.I have used manual techniques for acquiring the knowledge required by theknowledge-based temporal-abstraction method in the domains of protocol-basedcare, pediatric growth monitoring, and therapy of insulin-dependent diabetes. Inthe protocol-based—care domain (see Section 6.1), apart from using writtenprotocols (CCTG-522 and PAZ), I interviewed a domain expert (J. Sisson, M.D.)and acquired the knowledge needed for instantiating the R�SUM� problemsolver in the case of a protocol for prevention of toxoplasmosis infections inpatients who have HIV infection. In the domain of pediatric growth monitoring,Dr. Kuilboer acquired, with my assistance, the growth-chart—analysis parameter-properties ontology that was described in Section 6.2 (see also Figure 6.2). In thedomain of treatment of patients who have insulin-dependent diabetes, I acquiredthe knowledge from one of the two domain experts who participated in theexperiment (see Section 6.3).In all three domains, I found the R�SUM� methodology highly useful. Themethodology implied by the knowledge-based temporal-abstraction method

Chapter 7: Acquisition of Temporal-Abstraction Knowledge260focused the KA effort on the essential input and output parameters and theirstructural relations, on the potential abstractions of these parameters, and on thefour types of knowledge necessary to create the desired output abstractions ineach domain. The advantages were especially obvious when another knowledgeengineer (Dr. Kuilboer), who was not familiar with the internals of the R�SUM�system, acquired a complete temporal-abstraction ontology from an expert in thedomain of monitoring children�s growth (see Section 6.2). In that case, the onlysupport for Dr. Kuilboer was the knowledge-based temporal-abstraction modeland the declarative description of the knowledge she was eliciting. Sincemaintenance of the evolving ontology by both Dr. Kuilboer and, eventually, bymyself was part of the KA process, it was doubly important to clarify what wasthe role of the knowledge acquired in each refinement cycle [Kuilboer et al.,1993].One conclusion I can draw from these experiments is that, in domains such asmonitoring growth and therapy of insulin-dependent diabetes, which have asmall number of primitive parameters but many levels of abstraction from theseparameters or many context-specific specializations, the primary KA task is toacquire the structural domain knowledge. This knowledge type is embodied inthe parameter, event, and context ontologies as various qualitative relations (e.g.,IS-A , PART-OF, ABSTRACTED-INTO, SUBCONTEXT relations) and, once acquired,limits the scope of the rest of the KA process to acquiring knowledge aboutrelevant parameters and contexts. Thus, the structural knowledge drives theprocess of KA for the parameter-properties ontology (e.g., the arguments of theclassification functions or tables should be known by the time the entries areacquired). It was reasonably straightforward, once the structural knowledge wasacquired, to refine the parameter-properties ontology, the event ontology, andthe implied interpretation-contexts ontology by filling (or inheriting from higherabstraction classes) classification, inference and interpolation tables.In addition, it was both necessary and helpful to motivate the cooperation of theexperts in this process by explaining the knowledge roles that these tables play inthe problem-solving process. The problem-solving method used by the R�SUM�

Chapter 7: Acquisition of Temporal-Abstraction Knowledge261system is not intuitive. Nevertheless, the steps that all experts took in theireventual analysis of the data were remarkably similar, on close inspection, to theinference structure of the R�SUM� system’s underlying knowledge-basedtemporal-abstraction method. Thus, it was useful to point out the similarities.As I mentioned in Section 6.4, the minimal amount of clinical knowledge that Ineeded to acquire in the three domains included (1) the parameters (and allabstractions of these parameters) relevant to the task and their structuralrelations�in particular, IS-A and ABSTRACTED-INTO relations; (2)˚a clinicallysignificant change for each relevant primitive parameter, if gradient abstractionswere required; (3) the list of potential state- and rate-abstraction values for allparameters relevant to the task for which these abstraction types were required;and (4) the maximal-gap D functions, when interpolation was required in thetask, for each relevant parameter and context. Inferential (temporal-semantic)properties, gradient-abstraction horizontal-classification tables, and thequalitative interpolation constraints inherent in the interpolation-inference tableswere usually more stable than the knowledge types listed above, and were lessdependent on the interpretation context. The default values for these knowledgecategories either could be inherited through the appropriate abstraction class(e.g., state abstractions), or could be acquired for only the most generalparameter class (e.g., platelet state abstractions in the context of the overall task).Thus, manual method-specific and task-specific KA techniques can certainlyexploit well-defined problem-solving principles, and can use the latter to build aconceptual model of the task, such that the knowledge acquired from the expertwill play predefined roles. In particular, manual techniques can take advantageof the four formal knowledge types defined by the knowledge roles of the fivetemporal-abstraction mechanisms.7.2 Automated Acquisition of Temporal-Abstraction KnowledgeThe second option for acquiring temporal-abstraction knowledge is to useautomated KA tools, such as those produced by the PROT�G�-II project [Puertaet al., 1992; Musen, 1995] (see Section 2.2). In this way, we exploit the power of

Chapter 7: Acquisition of Temporal-Abstraction Knowledge262method-specific and task-specific KA tools, and combine that power with theadvantage of generating an automated tool that can interact with the domainexpert without intervention of the knowledge engineer, assuming that the properontological commitments (e.g., defining an event ontology for the domain) havebeen specified at the level of the PROT�G�-II user.One issue that developers must consider when designing automated KA tools isthe ontology-mapping process. Problem-solving methods have their ownprivate model of the data on which they operate, a method ontology, that shouldbe mapped onto the description of the particular domain modeled by theknowledge-based system, the domain ontology. Ontology mapping should besufficiently general to include complex structures, relations, and inferencemethods. The process of mapping ontologies includes an instantiation of theknowledge roles of the problem-solving method by particular domain structures,or by transformation functions of domain structures (e.g., drug-toxicity tables inthe domain of protocol-based care can be mapped into the vertical-classificationknowledge role of the knowledge-based temporal-abstraction method). ThePROT�G�-II group has been working on defining classes of such mappings[Gennari et al., in press]. However, certain knowledge roles in the problem-solving method might not be filled at all by direct mapping, since the domainmay not normally contain any structures that can easily be mapped to these roles(e.g., maximal-gap D functions or local-persistence r functions). Thus, thedomain�s basic, core ontology (devoid of any task-specific aspects) might have tobe augmented by the terms of the particular method using it. I term that theontology-enhancement process. These method-specific terms might be useful toother methods (e.g., propositional inference types, such as the concatenableinferential property, might be useful for other problem-solvers and other tasks)and might even be shared with these methods; but they (or their equivalents) donot exist in the domain�s core ontology. Whether, in general, applicationdomains have any such platonic core ontologies is perhaps a philosophical issue,but it assumes crucial importance when a method�s ontology has to beinstantiated by domain terms. In any case, to develop a KA tool for the

Chapter 7: Acquisition of Temporal-Abstraction Knowledge263knowledge-based temporal-abstraction method will involve augmenting thedomain of interpretation by terms that denote knowledge types that do existimplicitly in the domain, as my knowledge-acquisition experiments show, but inno obvious, easy to identify form.Another important issue that a designer of a knowledge-based system mustconsider when developing a KA tool for a method such as the knowledge-basedtemporal-abstraction method is whether a stable domain ontology exists whenthe KA process takes place; I term this issue the fluid-ontology problem. Toolsof the OPAL type, and even of the PROT�G� type [Musen, 1989a], assume astable domain ontology, usually defined by the knowledge engineer. Thedomain ontology, once defined, drives the task-specific KA process. Forinstance, the ESPR method discussed in Section 2.2, as represented in PROT�G�,assumed the existence of well-defined planning entities [Musen, 1989a]. Theplanning entities can be combined to form plans; the names and attributes ofthese entities can be used as domain-specific labels in a task-specific graphicinterface of a tool such as OPAL. In other words, the OPAL and PROT�G�models assumed that the structural knowledge is relatively straightforward torepresent, and can be modeled even by the designer of a new system (e.g., majorentities in the domain, such as chemotherapy and radiotherapy events, and theirinterrelationships) and that, based on the stable top-level ontology, a KA tool canbe generated that uses the domain terms. This, in fact, is often the case whenapplying the ESPR method to the task of supporting treatment with clinicalguidelines in a particular domain.However, in the case of the knowledge-based temporal-abstraction method, theknowledge inherent in the ontology entities and relations themselves is often acrucial and major part of the knowledge needed by the temporal-abstractionmechanisms�namely, the structural knowledge types and subtypes. Thestructural knowledge is important for the event ontology, for the contextontology, and for the parameter-properties ontology. Therefore, a prerequisite toefficient acquisition of parameter-properties ontologies is the ability to acquireand modify easily domain ontologies at KA time, as part of the KA process (i.e.,

Chapter 7: Acquisition of Temporal-Abstraction Knowledge264while interacting with the domain expert), not just at the time of designing aspecific KA tool. The PROT�G�-II group is, in fact, developing ontologymodeling tools, such as Ma�tre [Gennari, 1993]. These tools are intended mainlyfor knowledge engineers, and are highly useful for modeling and for maintainingontologies of new domains by a developer. In general, however, the knowledgeengineer cannot define alone the domain�s complete ontology, or even asignificant part of it. Most of the KA process might comprise acquiring thedomain�s structure, including the definition of intermediate levels of abstraction,as was the case when acquiring the growth-monitoring ontology (see Section 6.2).This implies that the ontology-modeling tool might be, in the case of problem-solving methods such as the knowledge-based temporal-abstraction method andits mechanisms, the major method-specific KA tool for the domain expert, sinceacquiring the domain�s basic ontology might be the main KA process we aretrying to automate.The third issue brought up by the possibility of automated acquisition oftemporal-abstraction knowledge, and especially by the prospect of acquiring atemporal-abstraction ontology, is how to enforce semantic relations, betweendifferent parts of the ontology, during the KA process. I term this the semantic-enforcement problem. For instance, as explained in Section 4.2.1, events andevent chains, among other propositions, can induce (directly or indirectly) basicand composite interpretation contexts, respectively. (Abstraction goals andcontext-forming parameter propositions also can induce, of course, interpretationcontexts, as defined by the set of DIRCs.) Thus, splitting nodes in the IS-Ahierarchy of the parameter ontology (see Figure 5.2), by distinguishing betweenat least two different subcontexts of the current node�s interpretation context forthe same parameter, is an operation that must chose between at least twolegitimate interpretation contexts. These interpretation contexts must be definedat some point somewhere in the domain�s temporal-abstraction ontology; thedefinition might involve adding one or more relations such as DIRCs, SUBPARTrelations and SUBCONTEXT relations.

Chapter 7: Acquisition of Temporal-Abstraction Knowledge265For instance, Hb_State_CCTG might be the node representing knowledge aboutthe state abstraction of Hb within the interpretation context induced by theCCTG protocol (see Figure 5.2); splitting that node (creating two or moredescendant nodes) might involve distinguishing between at least twointerpretation contexts. These more specialized, composite, interpretation contextscould be, for instance, induced by events that have a PART-OF relation, in theevent ontology, to the CCTG protocol (e.g., the AZT and the T/S regimens; seeFigure 5.3), and thus might induce interpretation contexts that have aSUBCONTEXT relation to the interpretation context induced by the CCTG event.Other options for creating a legitimate composite interpretation context includethe use of any other interpretation contexts that have a SUBCONTEXT relation, inthe context ontology, to the interpretation context induced by the CCTG protocol.Such interpretation contexts might be induced, for instance, by context-formingparameter propositions that exist in other parts of the parameter ontology (e.g.,the SEVER-LEUKOPENIA value of the WBC_State parameter in the context of theCCTG protocol).Thus, when the user tries to split a node in the parameter-properties ontology,the KA tool should be able to judge that a new interpretation context is needed,to check in either the parameter ontology, the event ontology, or the contextontology if the new context created is a legitimate one, to suggest choosing or toassist in constructing a default legitimate interpretation context, and, whennecessary, to augment the context ontology of the domain by a newinterpretation context, that has been defined during the KA process. Provision ofsuch a semantic-enforcement feature requires sophisticated tools. In effect, theontology of the domain should be built by a recursive, bootstrapping process.However, that process clearly resembles the iterative manual process that Iexperienced in several domains, in particular in the domain of monitoringchildren�s growth [Kuilboer et al., 1993]. Thus, there is a need for investigatingthe automated-KA needs of complex methods, such as the knowledge-basedtemporal-abstraction method, in the context of the PROT�G�-II project.

Chapter 7: Acquisition of Temporal-Abstraction Knowledge2667.3 Knowledge Acquisition Using Machine LearningThe third option for acquisition of some of the knowledge required forinstantiation of the temporal-abstraction mechanisms is to use differenttechniques to acquire the qualitative and the quantitative aspects of the temporal-abstraction knowledge.It should be straightforward to acquire the qualitative knowledge types thatdomain experts find intuitive, such as inferential properties and classificationtables, manually or through an automated KA tool. However, we might learnsome of the quantitative knowledge, such as local-persistence (r) and maximal-gap (D) functions, using machine learning (ML) techniques, by inspecting large,time-oriented clinical databases. In Section 4.2.4.1 I elaborated on a probabilisticinterpretation of persistence functions, and I showed that, under certainconditions, maximal-gap D functions might be much simpler to express and toacquire than the implicit forward- and backward-belief—decay r functions thatgenerate these functions. Thus, if we assume that the data are consistent, andthat there is some simple polynomial function describing the persistence of thosedata, then it might be possible, given sufficient time-stamped data, to learn thatpolynomial function, using an ML approach.To do that, we might ignore systematically certain parameter points, formingartificial gaps in the input data, and ultimately check the value of the primitive orabstract parameter during the gap.At the very least, we should be able to form upper and lower bounds onparticular D(p,˚L(I1),˚L(I2)) values�namely, on the maximal-gap persistence of aparameter when it was true over one time interval before the temporal gap andtrue over another time interval after that gap.For instance, if we express D just as a function of the lengths of the two intervals,L(I1),˚L(I2)�or L1 and L2 for short�and if we are trying to fit the data with alinear maximal-gap function D such that

Chapter 7: Acquisition of Temporal-Abstraction Knowledge267 D(L1, L2) = AL1 + BL2 + Cthen a good starting point would be looking for the maximal time gap betweentwo consecutive parameter points such that p does not change its value inside thegap. Thus, we can get an estimate of C when L1 = L2 = 0:D(0, 0) = C,for joining point parameters.If we assume that the function is a PP D function (see Section 4.2.4.1.3), then thepossibilities are constrained further, since"(L1, L2), D(L1, L2) ‡ C,since the time interval of any abstraction is at least as long as a point; and so on.Notice that A and B can be seen as relative weights of past evidence and futureevidence, respectively, on the persistence of p during the gap. The domainexpert might be able to shed light, at least qualitatively, on the relativeimportance of these two types of evidence; perhaps she could estimate that theyare equal, or that the future evidence is more important.Determining the qualitative persistence types of r and D functions is a qualitativetask, relatively easy to accomplish once the nature of the persistence functionshas been explained to the expert. Experts in the domains I have explored werevery certain whether persistence was qualitatively positive or negativemonotonic with respect to either the time interval before or after the gap.The prerequisites for applying ML techniques include having available sufficientdata in machine-readable format, and the vertical classification knowledge forinterpretation of low-level data and formation of higher-level concepts, such ascharacterizing certain Hb-level states as LOW (alternatively, such abstractconcepts can be part of the input). Otherwise, we shall not be able to learnanything meaningful about the higher-level concepts we are interested in. Theacquisition of independent D functions for higher-level concepts is very

Chapter 7: Acquisition of Temporal-Abstraction Knowledge268important in domains in which data input includes several abstraction levels,and in which there is no deep model of the domain (see Section 2.1). Thepersistence of higher-level concepts is often longer than that of the parametersdefining those concepts. For instance, bone-marrow toxicity values might beabstracted as STABLE while individual platelet and granulocyte values varymarkedly (see Figure 6.1).Finally, it is crucial to know in what context were the parameters measured orthe abstractions created. If the available data, does not contain, for instance,therapy events, the value of the resultant persistence functions would bedoubtful.7.4 Discussion and SummaryI have discussed three options for acquiring temporal-abstraction knowledge: (1)using manual, but method- and task-specific techniques, (2) using automated KAtools such as might be produced by the PROT�G�-II project, and (3) usingmachine-learning techniques to learn automatically certain of the terms that arenot part of the domain�s natural, core ontology. All three options are promisingfor future investigation. In particular, combining any two of these approaches,and possibly all three, is a distinct possibility. For instance, manual acquisition ofthe domain-specific structural knowledge, using the method-specific ontology ofthe knowledge-based temporal-abstraction method for guidance, might befollowed by automatic generation of a task-specific KA tool that enables thedomain expert to enter particular tables using the domain�s ontology.I have also pointed out advantages and disadvantages of using each method forKA of temporal-abstraction properties. Currently, it seems that a combination ofmanual KA combined with active research on automated KA tools (in particular,on effective solutions to the problems of ontology mapping, ontology fluidity,and semantic enforcement) is the most promising path for defining an effectivemethodology for acquisition of temporal-abstraction knowledge.

Chapter 7: Acquisition of Temporal-Abstraction Knowledge269It is clear from the description of problem-solving methods and knowledge rolesin Chapter 2 and in this chapter, however, that only a full understanding of theknowledge requirements of temporal-abstraction methods will make it possibleto acquire knowledge for these methods efficiently, to reuse these methods, andto reuse the knowledge on which these methods depend. Facilitating the KAprocess as well as the maintenance, reuse, and sharing of the acquired temporal-abstraction knowledge was my main reason for defining clearly the types andsubtypes of knowledge needed for abstraction of time-oriented data, and forspecifying the precise role of these knowledge categories in the mechanisms Ipresented in Chapter 4. As I have mentioned In Chapter 6, the KA process in thedomains in which I have experimented benefited considerably from the guidanceafforded by the knowledge-based temporal-abstraction method.

Chapter 8: Summary and Discussion2708 Summary and DiscussionIn Chapter 1, I presented the task of abstracting meaningful interval-basedconcepts from time-oriented data (see Figure 1.1). The temporal-abstraction taskis important in many time-oriented domains. I have focused on clinical domains,but both the temporal-abstraction task and the framework I suggest for solvingthat task are common to other domains. The interval-based abstractions that arethe output of the temporal-abstraction task can be used for planninginterventions for diagnostic or therapeutic reasons, for monitoring plans duringexecution, and for creating high-level summaries of electronic medical recordsthat reside in a clinical database. Temporal abstractions are also helpful forexplanation purposes. Finally, temporal abstractions can be a usefulrepresentation for comparing the system�s recommended plan with that of thehuman user, when the overall and intermediate goals in both plans can bedescribed in terms of creating, maintaining, or avoiding certain temporalpatterns.Typically, the knowledge requirements for performance of the temporal-abstraction task are implicit in traditional domain-specific applications. This lackof explicit representation prevents using general principles common toperformance of that task in different domains, and prevents sharing knowledgecommon to several tasks in the same domain.I listed in Section 1.1 the behavior desired in a method that creates meaningfulabstractions from time-stamped data, emphasizing both the conceptual and thecomputational aspects: flexibility in accepting input and returning output at alllevels of abstraction; generation of context-sensitive output (that is, specific to thecontext in which the interpretation is being performed); ability to control theoutput types; ability to accept and use data that are valid for any time,incorporating these data in a new interpretation of the present, given new pastdata (view update), or in a new interpretation of the past, given new present data

Chapter 8: Summary and Discussion271(hindsight); the ability to maintain several possible concurrent interpretations ofthe data; ability to represent uncertainty in time and value; and ability togeneralize easily to other domains and to other tasks.The last desirable requirement mentioned above�generality and ease ofdevelopment (including the facilitation of the acquisition, maintenance, sharingand reuse of temporal-abstraction knowledge) was my main goal when Ideveloped the knowledge-based temporal-abstraction model.8.1. Summary of This DissertationI have presented a knowledge-based approach to the temporal-abstraction task:the knowledge-based temporal-abstraction method. The knowledge-basedtemporal-abstraction method decomposes the temporal-abstraction task into fivesubtasks (see Figure 1.2):1.Temporal-context restriction (creation of relevant interpretation contextscrucial for focusing and limiting the scope of the inference)2.Vertical temporal inference (inference from contemporaneous propositionsinto higher-level concepts)3.Horizontal temporal inference (inference from similar-type propositionsattached to intervals that span different periods)4.Temporal interpolation (joining of disjoint points or intervals, associatedwith propositions of similar type)5.Temporal-pattern matching (creation of intervals by matching of patternsover disjoint intervals, associated with propositions of various types)My approach embodies a knowledge-level view of the task of temporal abstraction.The reasoning underlying that view in general, and the task-oriented approach totemporal abstraction in different domains in particular, were presented inChapter 2. I emphasized in that chapter the importance of enabling reuse, sharing,maintenance, and acquisition of temporal-abstraction knowledge for any sizableknowledge-based system that works in a time-oriented domain. In Chapter 3, Ipresented a broad overview of temporal-reasoning approaches in philosophyand computer science in general, and in medical applications in particular. I

Chapter 8: Summary and Discussion272discussed several systems whose task was temporal abstraction, and showedthat, in fact, all these systems had to solve implicitly most or all of the fiveexplicit subtasks that are generated by the knowledge-based temporal-abstraction method, although these systems used different control strcutures.Thus, the knowledge-based temporal-abstraction method also can be viewed asan inference structure, not unlike Clancy�s heuristic classification (see Section 2.1).I proceeded to suggest five knowledge-based temporal-abstraction mechanismsthat can solve the five subtasks posted by the knowledge-based temporal-abstraction method (see Figure 1.2). These mechanisms were described in detailin Chapter 4. The temporal-abstraction mechanisms are built on top of a formalinference model which I described in Chapter 4: knowledge-based temporal-abstraction theory. The theory incorporates functional, logical, and probabilisticreasoning.In Section 4.1, I defined formally the ontology of the temporal-abstraction task asit is solved by the knowledge-based temporal-abstraction method, and the goalsof that task, expressed in the terms of the task-specific ontology.The following description of the five temporal-abstraction mechanisms employsthe temporal-abstraction—ontology definitions of Section 4.1.1.The context-forming mechanism creates relevant context intervals, givenabstraction-goal intervals, event intervals, abstractions, or combinations ofcontext intervals. It relies on the parameter, event, and context ontologies,the set of abstraction goals, and the set of all DIRCs.2.The contemporaneous-abstraction mechanism creates abstractions fromcontemporaneous parameter intervals and context intervals. It performseither several variations of range classification, or a computationaltransformation. It relies on classification knowledge represented in theparameter ontology.

Chapter 8: Summary and Discussion2733.The temporal-inference mechanism performs two subtasks. It infers a newabstraction from two given abstractions, whose temporal spans are different(e.g., one is a subinterval of the other), using temporal-semantic knowledge.In the particular case of concatenating two meeting parameter intervals, itcan also determine the value of the join of two abstractions whose temporalspans are consecutive, using temporal horizontal-classification knowledge.Both types of knowledge are represented in the parameter ontology.4.The temporal-interpolation mechanism joins disjoint parameter intervalsor abstractions, in which the parameter is the same. It uses local and globaltemporal dynamic knowledge to determine persistence, and, when joiningdisjoint parameter intervals, uses the same temporal horizontal—classification knowledge as that used by the temporal-inference mechanism.Both types of knowledge are represented in the parameter ontology.5.The temporal-pattern—matching mechanism creates new abstractions bymatching patterns over potentially disjoint parameter intervals and contextintervals, where the parameters are of different types. The requiredknowledge exists in the parameter ontology as a more complex form oftemporal-classification (pattern-matching) knowledge, and, implicitly, inthe real-time temporal queries processed by this mechanism.I analyzed formally the nature of the task that the temporal-abstractionmechanisms solve. As a consequence of that analysis, it became clear that fourknowledge types are required for instantiating these mechanisms in any particulardomain (see Figure 1.2):1.Structural knowledge (e.g., IS-A and PART-OF relations in the domain;QUALITATIVE-DEPENDENCY relations; SUBCONTEXT relations)2.Classification knowledge (e.g., classification of Hb-level ranges intoLOW, HIGH, VERY HIGH; joining INC and SAME into NONDEC; patternmatching)

Chapter 8: Summary and Discussion2743.Temporal-semantic knowledge (e.g., relations among propositionsattached to intervals, and propositions attached to their subintervals,such as the downward-hereditary and gestalt properties)4.Temporal dynamic knowledge (e.g., local, r, forward- and backward-persistence functions of the value of a parameter over time; global,maximal-gap, D functions; significant-change functions)These four types of knowledge are all that is necessary to instantiate the domain-independent knowledge-based temporal-abstraction method for any particularapplication area. These knowledge types can be used as a declarative,parameterized interface for a knowledge engineer developing a temporal-abstraction system in a new domain. Furthermore, the knowledge types can beused for efficient, task-oriented acquisition of knowledge from domain experts.In Chapter 5, I presented a computer program that I designed, the R�SUM�system, that implements the knowledge-based temporal-abstraction inferencestructure and, in particular, the five temporal-abstraction mechanisms. TheR�SUM� system incorporates in its architecture several additional features thatenable it to fulfill the requirements presented in Chapter 1 for temporal-abstraction systems. The R�SUM� system represents in its knowledge base atask-oriented model of the domain, the domain�s temporal-abstraction ontologyof parameter properties, of events, and of interpretation contexts. In addition, theR�SUM� system incorporates a truth-maintenance system that maintainsdependencies among the inherently nonmonotonic conclusions of theknowledge-based temporal-mechanisms. The R�SUM� system can accept inputdata, and can return output abstractions, at any desired level of abstraction,when that level was specified in the domain�s ontology.As I demonstrated in Chapter 6, I used the R�SUM� system to model thetemporal-abstraction knowledge in several subdomains of the domain of treatingpatients using clinical protocols, such as treating patients who have AIDS or whohave chronic GVHD. In addition, I used the R�SUM� system to model thetemporal-abstraction knowledge in two significantly different domains:

Chapter 8: Summary and Discussion275Monitoring of children�s growth and therapy of insulin-dependent diabeticpatients. Finally, I applied the temporal-abstraction mechanisms implemented inR�SUM�, combined with the knowledge acquired in certain of the domains, toseveral clinical cases in these domains. The result was a set of intermediate-levelabstractions and patterns in these clinical domains. In the domain of monitoringchildren�s growth, for several clinical cases, the R�SUM� system generatedtemporal-abstraction intervals that would be sufficient to conclude growthabnormalities of the type defined by the domain expert from whom anotherknowledge engineer acquired the ontology. In the domain of diabetes therapy,the R�SUM� system generated meaningful intermediate abstractions similar tothose that were indicated as useful, for the purpose of therapy recommendation,by two domain experts. Although the two diabetes-therapy experts agreed onmost of the abstractions that they produced from the clinical cases, they did notagree on the therapy plan for even one of these cases. This observation validatesa basic premise underlying the goal of the temporal-abstraction task�namely,that intermediate conclusions from the data (the interval-based abstract conceptsand patterns) are significantly more stable than are specific therapy rulespredicated on these conclusions. Such intermediate-level abstractions should berepresented explicitly, separate from knowledge about therapy.8.2 The R�SUM� System and the Temporal-Abstraction DesiderataIn Section 1.1, I listed several key attributes of the desired behavior of a methodthat creates meaningful abstractions from time-stamped data. The knowledge-based temporal-abstraction method and its implementation as the R�SUM�system addresses most of these desiderata, and several additional features:8.2.1 Accepting as input data of multiple types and abstraction levels. Indeed,an inherent property of the parameter ontology (see Section 5.1) is its uniformrepresentation of all clinical parameters of all types, numeric and symbolic.Furthermore, the input data can be at different levels of abstraction (e.g., in thedomain of pediatric growth monitoring, the R�SUM� system can be given, asprimary input, either raw data, such as height measurements, or higher-level

Chapter 8: Summary and Discussion276concepts, such as the HTSDS abstraction). Thus, some input data can be partiallyabstracted by the physician, or by another computational module before they areentered into the R�SUM� system. This feature is an automatic result of theexplicit ABSTRACTED-INTO hierarchy and of the fact that each parameter�including state, gradient, rate, and pattern abstractions�is a first-class citizen inthe parameter ontology. Thus, the abstraction process, as happened in thedomain of growth monitoring, simply continues from the given level ofabstraction. Finally, the input can include variable temporal representations(e.g., both time points and time intervals) and variable temporal granularities; alltime elements are represented internally as time intervals (time points are simplyzero-length intervals), and time units are converted, if necessary, from those usedin the runtime input or from those indicated by the expert in the ontology duringknowledge acquisition.8.2.2 Availability of output abstractions at all levels of abstraction. Enablingqueries at different levels of abstraction is one of the major hallmarks of theR�SUM� architecture. It enables the expert to define temporal patterns atknowledge-acquisition time, while enabling the user of the application system toquery the resulting temporal fact base for new, arbitrary temporal patterns. Theoutputs generated by R�SUM� are controlled partially in a goal-oriented fashion(see Section 5.3.1), since it is possible to indicate in the application�s control filewhich temporal-abstraction mechanisms should be activated and whatabstraction types are desired. In addition, the very inclusion or exclusion of anabstraction (i.e., a parameter class) in the domain�s temporal-abstractionontology, and, in particular, in the application�s ontology-instances file, restrictseven further the number and type of abstractions that can be created at run time(see Section 5.3.1). Finally, both the task of sifting through the resultanttemporal fact base for additional patterns and the task of aggregating relevantconclusions together as much as possible (e.g., returning only the longestpossible interval within a given time span, hiding individual intermediateabstractions), are performed automatically by the temporal-abstractionmechanism when that mechanism performs another of its tasks, that ofanswering a runtime query.

Chapter 8: Summary and Discussion2778 . 2 . 3 Context-sensitive interpretation. The knowledge-based temporal-abstraction model separates interpretation contexts from the events,abstractions, abstraction goals or (possibly indirectly) combinations of theseentities that induce these contexts. The R�SUM� system models the separationas dynamic induction relations of context intervals (DIRCs) which representinference rules for inducing context intervals whose time interval can have any ofAllen�s 13 temporal relations to the interval over which the inducing entity isinterpreted, including quantitative temporal constraints on these relations (seeSections 4.1 and 4.2.1 and Figure 4.2). Contemporaneous interpretation contextsbelonging to the SUBCONTEXT relation can form more specific compositeinterpretation contexts.Abstractions are specialized in the parameter ontology by interpretation contexts.Interpretation contexts both reduce the computational burden and specialize theabstraction process for particular contexts, by enabling within their temporalcontext the use of only the temporal-abstraction knowledge (e.g., mappingfunctions) specific to the interpretation context. The use of explicit interpretationcontexts and DIRCs allows us to represent both the induction of several differentcontext intervals (in type and temporal scope) by the same context-formingproposition, and the induction of the same interpretation context by differentcontext-forming propositions (thus allowing us to represent the properties of theHb parameter within a bone-marow—toxicity context interval without the need tolist all the events that can lead to the creation of such a context interval). Theexpressiveness of the interpretation-contexts language includes also allowingunified (or generalized) contexts (a union of different, temporally meetingcontexts) and nonconvex contexts (interpolation between similar, temporallydisjoint contexts), thus enabling, when desired, sharing of abstractions of thesame parameter among different contexts and temporal phases.As noted in Section 6.3, the human experts in the diabetes-therapy domainseemed to be using a similar strategy to that embodied in the use of the context-forming mechanism by first defining a qualitative context to their interpretations,defined by a pattern of the external therapy events. The temporal patterns were

Chapter 8: Summary and Discussion278detected within that context. Numeric event attributes were utilized only fortherapy-planning decisions.8.2.4 Acceptance of input data out of temporal order. Input data to theR�SUM� system can be incorporated in the interpretation process without thecreation of unsound conclusions even if they arrive out of temporal order (e.g., alaboratory result from the previous Tuesday arrives today). This, of course, is animmediate byproduct of the truth-maintenance system underlying the temporal-reasoning process (assisted by the temporal-inference mechanism), which canretract conclusions that are no longer true, and can propagate new abstractions tothe rest of the temporal fact base. Thus, the past can change our view of thepresent; I called that change a view update. Furthermore, new data enable theR�SUM� system to reflect on past interpretations; thus, the present (or future)can change our interpretation of the past, a property referred to as hindsight[Russ, 1989]. The hindsight task is performed by several components of theR�SUM� system�s architecture: (1) the truth-maintenance system, whichpropagates the new conclusions, possibly retracting old ones if these contradictthe new data, and that is augmented by the temporal-inference mechanism�sability to detect contradictions, using the temporal-semantic properties ofparameter propositions in the domain (see Section 6.4); (2) the context-formingmechanism, which can create both prospective and retrospective contextsdynamically (thus creating new retrospective interpretations when new eventsare known or new abstractions have been asserted or created), using knowledgerepresented in the parameter, event, and context ontologies and the set of DIRCs;and (3) the temporal-interpolation mechanism, which has the ability to reasonabout both forward and backward persistence of belief in the truth of parameterpropositions. For instance, an additional data point, extending the length of thetime interval of a certain abstraction interval, might enable that interval to beconcatenated to a previous one of the same type.8.2.5 Maintenance of several concurrent interpretations. Several possibleinterpretations of the data can be maintained in parallel by the R�SUM� system,through the employment of the context-forming mechanism. Several concurrent

Chapter 8: Summary and Discussion279contexts can be maintained, creating different interpretations for the same datapoint (e.g., one in the context of the patient having AIDS, and one in the contextof having complications of certain drugs). The interpretation is specific to thecontext in which it is applied, due to the specialization of the parameter-properties ontology by more restrictive interpretation contexts (e.g., particulartherapy regimens). All reasonable interpretations of the same data relevant tothe task at hand are available automatically or on query, since all are kept in thetemporal fact base and each query refers to a specific context.8.2.6 Enablement of temporal and value uncertainty. There is room for someuncertainty in the expected data values, and for some uncertainty in the time ofthe input or the expected temporal pattern. For instance, the Cp (significantchange) parameter captures the concept of measurement errors or clinicallyinsignificant value changes; the D functions capture the notion of persistence ofparameter propositions over time before and after the latter�s measurement orcreation; the temporal patterns leave room for variability in value and in timespans.8.2.7 Facilitation of development, acquisition, maintenance, sharing and reuseof the knowledge base. The knowledge-based temporal-abstraction method hasbeen demonstrated as easily generalizable to several quite different clinicaldomains and tasks, such as those presented in Chapter 6. The uniformity of thismethod is one of its main characterizing aspects. Its underlying concept is to useuniform temporal-abstraction mechanisms, in which predefined, declarative,knowledge roles are parameterized (instantiated) for new, specialized, segmentsof the parameter ontology�namely, for new clinical domains.The domain-specific assumptions underlying the knowledge-based temporal-abstraction method are explicit, and are as declarative as possible (as opposed tobeing represented in procedural code). The explicit representation supportsacquisition of the knowledge necessary for applying the method to other domains,maintenance of that knowledge, reuse of the domain-independent temporal-abstraction mechanisms, and sharing of the domain-specific temporal-abstraction

Chapter 8: Summary and Discussion280knowledge with other applications in the same domain. The organization of theknowledge in the R�SUM� system into parameter, event, and context ontologiesplays a major role in accomplishing these goals. The use of declarativerepresentations, such as uniform multidimensional tables, where severalsemantic axes combine to indicate the proper interpretation of the table (seeSection 5.1.1) facilitates both modification of the knowledge base by the user andintrospective reasoning by the temporal-abstraction mechanisms. Theorganization of the knowledge in the parameter ontology as subclasses of thefour general abstraction types (state, gradient, rate and pattern) with frame-basedinheritance of general abstraction-type and domain-specific properties, furtherenhances the ease of designing new systems, acquiring the necessary knowledgeand maintaining the temporal-abstraction knowledge base.8 . 2 . 8 Separation of interpretation from planning. The knowledge-basedtemporal-abstraction method, whose subtasks are solved by the five temporal-abstraction mechanisms, performs a temporal-abstraction task, whose scope islimited to interpreting past and present data. This latter task is separate from thetasks of planning actions or of executing these actions. Separation of thetreatment-planning and treatment-execution components in a medical decision-support system has immediate useful byproducts. In particular, intermediate-level abstractions seem to be much more consistent among experts than theresultant therapy recommendations, as I have demonstrated in Section 6.3 for thediabetes-therapy domain. Furthermore, that separation allows a temporal-abstraction system to reason about the data offline, possibly accessing datadirectly from a temporally oriented database, such as an electronic medical-record database.8.2.9 Summarization of medical records. The process of temporal abstractiontransforms large volumes of data into a concise representation�an importantgoal for clinical temporal-abstraction systems. This goal is achieved explicitly bythe R�SUM� system, whose main objective is to support both predefined(internal) and online (external) temporal queries in multiple levels of abstraction.The intermediate abstractions are maintained, enabling further arbitrary queries.

Chapter 8: Summary and Discussion281The process of abstraction in the R�SUM� system can be controlled, in principle,to support different types of users (e.g., attending physicians, nurses, andspecialists), who need different types of output abstractions.8.2.10 Provision of explanations. Another advantage of emphasizing theprocess of creating temporal abstractions and separating that process from theuse of these abstractions is the ability to supply intermediate-level explanations toa user questioning, for instance, a therapy planner. Since the abstractions arecreated, reasoned with, and saved independently of the recommendations usingthese abstractions, they are available for inspection. In fact, the user can besupplied with increasingly refined levels of explanations for the final outputpattern, by moving along the links of the ABSTRACTED-INTO hierarchy, from themost abstract to the most primitive (raw) parameters. (In principle, the logicaljustification links of the truth-maintenance system can be used similarly,exploiting the runtime logical-dependency graph.)8 . 2 . 1 1 Support of plan recognition and human-computer collaboration.Finally, since a medical decision-support system works cooperatively with aphysician, the high-level goals of a therapy planner can be represented astemporal patterns annotating nodes in a tree of goals and subgoals (e.g., a generalpolicy might be stated to the effect that Hb values should be kept in a certaincontext above 7 gm/dl, and that an episode of SEVERE_ANEMIA should not lastfor more than 2 weeks). Goals would typically include either achievement,maintenance, or avoidance of certain temporal patterns. This ability to representgoals and higher-level policies explicitly as temporal abstractions, combined withknowledge about the effects of therapy-planning actions, can support a limitedform of plan recognition. It enables, in principle, a critiquing planning system[Miller, 1986] to realize when the physician is actually following a higher-levelpolicy, even though superficially she has overridden the system�srecommendation (e.g., she is giving the patient a transfusion of blood instead ofattenuating the dose of the myelotoxic drug, thus still following the higherdirective of avoiding a pattern of low Hb values). Thus, the system will still beable to support intelligently other, independent planning-decisions of the human

Chapter 8: Summary and Discussion282user. Such an ability would certainly increase the usefulness of knowledge-baseddecision-support systems to clinical practice, by enabling an intelligent dialogbetween two planners: the physician and the decision-support system.8.3 R�SUM� and Other Clinical Temporal-Reasoning SystemsIn Section 3.1, I presented a classification of general temporal reasoningapproaches in philosophy and computer science. In Section 3.2, I presented abroad view of temporal-reasoning systems applied to clinical domains, andcompared these systems to the R�SUM� system and its underlyingmethodology. In this section, I present a brief summary of the main points ofthat comparison, in the light of the work presented in Chapters 4—6, and overallconclusions from that comparison.The role of the context-forming mechanism is not unlike that of the state-detection rules in Fagan�s VM ventilation-management system, although themechanism�s operation is quite different and its output is more flexible withrespect to the temporal extension of the created interpretation context and thesemantic distinctions possible among different types of interpretation contexts(e.g., basic, composite, unified, nonconvex). The local and global maximal-gapfunctions in the R�SUM� system extend the VM idea of GOOD-FOR parameter-and context-specific persistence properties. Unlike VM, R�SUM� can acceptdata out of temporal order due to several mechanisms for handlingnonmonotonicity; thus, at any time, R�SUM�s conclusions regarding past andpresent data reflect the current state of knowledge about those data.The R�SUM� system contains several concepts that parallel key ideas in Russ�temporal control structure (TCS) system, such as maintaining dependenciesbetween data and conclusions, allowing arbitrary historic updates, reasoningabout the past and the future, and providing a hindsight mechanism (albeit by adifferent methodology). In fact, the R�SUM� system also allows foresightreasoning (setting expectations for future interpretations based on current eventsand abstractions). Like TCS, the R�SUM� system assumes time-stamped input

Chapter 8: Summary and Discussion283(i.e., time points are the temporal units), although propositions in R�SUM� areinterpreted only over time intervals.Like TCS, the R�SUM� system uses the idea of context-specific interpretation,but the partitioning of the intervals is not strictly mechanical (depending on onlyintersections of different intervals): Rather, partitioning is driven by knowledgederived from the domain�s ontology, and contexts are created only whenmeaningful. Abstractions can be prevented from being joined, even when insteady state, depending on the underlying proposition�s temporal-semanticproperties; on the other hand, abstractions might be joined over time gaps due tothe temporal-interpolation mechanism. Context intervals can be created not onlyby direct intersections of interval-based abstractions, such as the TCS partitions,but also can be induced dynamically anywhere in time in the fact base.TCS treats the user-defined reasoning modules as black boxes, and supplies onlytemporal bookkeeping utilities. In that respect, TCS is highly reminiscent of thetime specialist of Kahn and Gorry: It has no knowledge of temporal properties ofthe domain. Unlike TCS, which leaves the semantics of the temporal-reasoningtask to the user�s program code, the R�SUM� system�s mechanisms providepredefined temporal-reasoning procedures specific to the temporal-abstractioninterpretation task, that need only be parameterized by the four knowledge typesand their subtypes. Unlike the TCS system�s domain-specific modules,implemented as procedural Lisp code, the R�SUM� system uses its domainindependent temporal-abstraction mechanisms that rely on declarative, domain-specific temporal-abstraction knowledge.The R�SUM� system, although its goal is far from that of discovering causalrelationships, develops several concepts whose early form can be found inBlum�s Rx discovery project. The ontology of parameters and events is anextension of the states and actions in the Rx medical knowledge base. The IS-Aand ABSTRACTED-INTO hierarchies are an extension of the Rx derivation trees. TheRx time-dependent database access functions have a somewhat similar effect to that

Chapter 8: Summary and Discussion284of R�SUM�s local and global persistence functions, dynamically inducedinterpretation contexts, and temporal-semantic properties.R�SUM�s ontology of parameters and events resembles the knowledge base ofabnormal primary attributes, states, diseases, and drugs in de Zegher-Geets�IDEFIX summarization system. The contemporaneous-abstraction knowledge,which is used by R�SUM� to combine values of several parameters that occur atthe same time into a value of a higher-level concept, includes the particular caseof a linear weighting scheme as used by IDEFIX to combine severity scores. Thelocal persistence functions used by R�SUM� are an extension of the IDEFIXvalidity times and time-oriented probabilistic functions (TOPFs), but aresensitive to the value of the clinical parameter, the clinical context, and the lengthof time the value was already known; their conclusions pertain not only to thepresent or future, but also to the past (before the conclusion or measurement wasknown). Unlike the TOPFs, R�SUM�s global (D) maximal-gap functions andinduced interpretation contexts denote not the strength of a probabilisticconnection, such as between a disease and its complications, but rather thenotion of persistence of certain predicates forward and backward in time. In onesense the persistence functions extend the TOPF notion, by looking at relevantstates both before and after the potentially missing one, and by using interval-based abstractions of states, rather than just single visits.Kahn�s TOPAZ system employed the ETNET temporal-maintenance andtemporal-reasoning system. The ETNET algorithm, which depended on thegiven search dates being within the context interval containing the context-specific rule, could not detect events that were contextually dependent on aparent event, but that were either disjoint from that event (beginning after thecausing event) or even partially overlapping with it. This problem is solved inthe R�SUM� architecture automatically by the event- and abstraction-inducedinterpretation contexts, which are created dynamically anywhere in the past orfuture in response to the appearance of an inducing proposition, and whichenable, only within their context, the use of context-specific temporal-abstractionknowledge by the domain-independent temporal-abstraction mechanisms, thus

Chapter 8: Summary and Discussion285creating a different version of context-specific rules than the one expressed in VMand TOPAZ. However, interpretation contexts, like ETNET context nodes, limitthe scope of inference, making it easier to match patterns within their scope, todeposit conclusions, and to limit application of inappropriate inferenceprocedures (e.g., context-specific mapping functions).Haimovitz’s TrenDx system uses Kohane�s TUP constraint-network utilities todetect temporal and parameter-value constraints that are defined by temporaltrend templates (TTs). Unlike R�SUM�, TrenDx neither represents in itsknowledge base nor maintains at runtime explicit intermediate abstractions ofparameters, and does not answer arbitrary temporal queries. This goal-directedapproach to pattern matching, contrasts with the R�SUM� approach ofgenerating meaningful intermediate abstractions and then using a simplerpattern-matching mechanism both to detect predefined patterns and to answeronline queries in terms of the intermediate abstractions.TrenDx does not maintain a hierarchical knowledge base; the domain-specificknowledge is incorporated implicitly into the TT instances, even though some ofthese instance rely on the same implicit knowledge. Since TTs are defined interms of only the lowest-level concepts TrenDx can accept as input, and canreason with, only raw data, and no intermediate-level abstractions, unlike theR�SUM� system. The lack of intermediate abstractions might pose gravedifficulties when acquiring from a domain expert complex new patterns, sincetypical TrenDx patterns, essentially encapsulating all levels of abstraction at thesame time, are much more complex than are typical pattern abstractions or high-level queries presented to R�SUM�s temporal-pattern—matching mechanism.The differences between TrenDx and R�SUM� are mainly due to the fact thatR�SUM� has different, more general, goals: representation of temporal-abstraction knowledge in a domain-independent, uniform manner, such that theproblem-solving knowledge be reusable in other domains and that the domainknowledge be sharable among different tasks; answering arbitrary temporalqueries involving several levels of abstraction; and formalizing the temporal-

Chapter 8: Summary and Discussion286abstraction knowledge so that it can be acquired directly from a domain expertusing manual or automated KA tools.Larizza�s M-HTP temporal-abstraction system for heart-transplant patients canbe seen as a particular, domain-specific instance of the R�SUM� system. The M-HTP system is not easily generalizable for different domains and tasks. Conceptssuch as WBC_DECREASE are hard-wired into the system; this hardwiring isconceptually different from the R�SUM� system�s implementation of a set ofdomain-independent abstraction classes, such as the gradient-abstractions class.The latter class contains domain-independent knowledge about abstractinggradients, and its domain-specific subclasses, such as WBC_GRADIENT (similarlyfor state and rate abstractions). In a gradient subclass, a particular value of theabstract parameter, such as DECREASING (or INCREASING, SAME, and so on), andits inference properties, can be inherited from the gradient abstractions class, (orspecialized for a particular subclass, if it were a new value) and used by allinstances of the gradient subclass, such as the WBC_GRADIENT subclass.In addition, in the M-HTP system, there is no obvious separation betweendomain-independent abstraction knowledge and domain-specific temporal-reasoning properties. The patient�s temporal network includes classes denotingknowledge about clinical episodes as well as instances of patient data. R�SUM�, therefore, can be viewed as a metatool that might, in principle, simulatethe temporal-abstraction module of M-HTP, when all the domain-specificknowledge inherent in M-HTP is represented in a proper domain ontology.8.3.1 Conclusions from Comparison to Other ApproachesDespite the differences among the systems that I discussed in Section 3.2, most ofthese systems�at least those that needed to perform a significant amount of thetemporal-abstraction task�in fact solved tasks closely related to the five tasksthat I presented in Section 1.1 as the fundamental subtasks of the temporal-abstraction task, when that task is decomposed by the knowledge-basedtemporal-abstraction method (or inference strcuture).

Chapter 8: Summary and Discussion287Furthermore, the systems that I have described often relied implicitly on the fourtypes of knowledge I mentioned: (1) structural knowledge, (2) classificationknowledge, (3) temporal-semantic knowledge, and (4) temporal dynamicknowledge. This knowledge, however, often was not represented explicitly. Forinstance, all systems described had to solve the context-restriction task beforeinterpretation could proceed and therefore created various versions ofinterpretation contexts (e.g., the intervals created by TOPAZ and the temporal-network module of M-HTP, the external states determined by the state-detectionrules of VM, and the steady states partitioned by TCS). There was always aclassification task (e.g., determining severity levels by IDEFIX, or creatinginterval-based abstraction from numeric patient-specific and population-dependent data). There was always a need to create intervals explicitly orimplicitly, and thus to reason about local and global persistence (e.g., Downs�program used temporal predicates, IDEFIX defined TOPFs, and Rx required alibrary of time-dependent database-access functions). All systems assumedimplicitly some model of proposition semantics over time�for instance, allowingor disallowing automatic concatenation of contexts and interpretations (VM,IDEFIX). Finally, all systems eventually performed temporal pattern matching,explicitly (e.g., TOPAZ, using ETNET) or implicitly (e.g. Downs� temporalpredicates, which were also used in IDEFIX as input to the odds-likelihoodupdate function, and the TrenDx pattern-matching algorithm, using the low-levelconstraints). In addition to the task solved, there were common issues to beresolved inherent in maintaining the validity of a historic database (e.g., Russ�sTCS system and R�SUM� use a truth-maintenance system).Thus, it is clear that the knowledge-based temporal-abstraction method makesexplicit the subtasks that need to be solved for most of the variations of thetemporal-abstraction interpretation task. These subtasks have to be solved,explicitly or implicitly, by any system whose goal is to generate interval-basedabstractions. The temporal-abstraction mechanisms that I have chosen to solvethese subtasks make explicit both the tasks they solve and the knowledge that theyrequire to solve these tasks.

Chapter 8: Summary and Discussion288As I mentioned while describing these systems, none of the approaches describedin Section 3.2 focuses on the knowledge-acquisition, knowledge-maintenance,knowledge-reuse, or knowledge-sharing aspects of designing and building largeknowledge-based medical systems. The approaches described, as applied to thetemporal-abstraction task, are not representing their inference strategy at theknowledge level (see Section 2.1). We might therefore expect these approaches toencounter several design and maintenance problems of knowledge-basedsystems discussed in Chapter 2. In particular, we would expect difficulties, someperhaps insurmountable, when we attempt (1) to apply these approaches tosimilar tasks in new domains, (2) to reuse them for new tasks in the samedomain, (3) to maintain the soundness and completeness of their associatedknowledge base and its interrelated components, and (4) to acquire theknowledge required to instantiate them in a particular domain and task in adisciplined and perhaps even automated manner.8.4 Implications and Extensions of the WorkMany intriguing issues have been raised by my investigation into thefundamental nature of temporal-abstraction knowledge. In this section, I willdescribe briefly several of the most interesting practical and theoretical issues,including their implications for further research into the problem of acquiring,representing and using temporal-reasoning knowledge.8.4.1 Implications for Knowledge AcquisitionAs I have mentioned, one of my major goals in constructing the knowledge-based temporal-abstraction model, and for specifying formally the nature of theknowledge required by each of the temporal-abstraction mechanisms solving thesubtasks of that method, was to facilitate, eventually, automated acquisition ofthat knowledge. I have analyzed the requirements for an automated KA tool forthe temporal-abstraction mechanisms, assuming a framework similar to thePROT�G�-II project. In Section 7.2 I described some of my conclusionsregarding the issues that need to be resolved for a full implementation of aknowledge-acquisition tool for the knowledge-based temporal-abstraction

Chapter 8: Summary and Discussion289method. Ultimately, I expect that a temporal-abstraction KA tool can beproduced for both knowledge engineers and domain experts. More work needsto be done in this intriguing area. Techniques emerging from the areas of visualprogramming and acquisition of procedural knowledge might be useful, such asmore intuitive, possibly graphical, techniques to facilitate the representation andacquisition of temporal patterns.As I have explained in Chapter 7, one method that might be applied (apart fromthe manual and the automated ones) to the problem of acquisition of temporal-abstraction knowledge is the machine-learning approach. A possible fascinatingproject would be to discover consistent local and global persistence functionsusing data from large electronic clinical databases. As I have explained inSection 7.3, this process needs additional annotation of the data to be effective (inparticular, explicit interpretation contexts and definition of the intermediateabstractions). A similar approach might be used for learning inference(temporal-semantic) properties.8.4.2 Implications for a Broader Temporal-Reasoning ArchitectureOne question that might naturally be asked is, how would the R�SUM� problemsolver be integrated within a broader context, such as a method that uses theknowledge-based temporal-abstraction method to solve one of its subtasks? Inthe PROT�G�-II project, we have begun development of an explicit mappinginterface from the R�SUM� problem solver to EON, a problem solver [Musen etal., 1992b], which implements the ESPR method [Tu et al., 1992] (see Section 2.2).Our goal is to use the R�SUM� problem solver to solve the problem-identification subtask posed by the ESPR method (see Figure 2.2). The problemsraised by this method-to-method mapping, using the two methods� internalontologies, is of special interest to the PROT�G�-II project. Each method has itsown internal ontology (e.g., a different representation of events), and thereforemight require a different set of mapping relations to the domain�s ontology. Astatic mapping is required during the design and knowledge-acquisition times,and when defining a particular instance of the task to be solved. In addition, a

Chapter 8: Summary and Discussion290dynamic mapping is required during runtime, as new domain data need to beincorporated. A significant amount of work was inspired by this need in the areaof ontology mapping [Gennari et al., in press], but clearly, additional techniquesneed to be developed.The planned EON architecture will include the Tzolkin system, which willcomprise the R�SUM� system for temporal reasoning and the Chronus system[Das et al., in press] (see Section 3.1.8.1) for temporal maintenance and querying.The Tzolkin system proposes a temporal mediator architecture [Das et al., 1994] inwhich temporal queries by the user will be referred to the appropriate systemcomponent, and in which the results of the query will be integrated by thetemporal mediator. For example, as described in Section 6.4, I have noticeddifficulties in the current R�SUM� architecture in integrating the results oftemporal and statistical queries, in representing cyclic temporal patterns, and inrelating the internal time (e.g., months since the beginning of therapy, thepatient�s age) to the external, absolute time (e.g., 10 p.m., Sunday). In addition,R�SUM� assumes a single patient record. In the Tzolkin system, abstractionscreated by R�SUM� might be saved, when appropriate, in the external database;a statistical query, such as a count query, would then be referred to the Chronusmodule. Similarly, multiple-patient queries would be processed by acombination of the temporal-reasoning mechanisms in R�SUM� and thetemporal-maintenance facilities of Chronus.8.4.3 Implications of the Nonmonotonicity of Temporal AbstractionIntegrating the R�SUM� system with an external database creates additionalproblems. An especially intriguing one is the inherent nonmonotonicity oftemporal abstractions. As described in Section 5.5, this problem was solvedsuccessfully in the R�SUM� system by the use of a truth-maintenance system.No complications occurred when data from an external Sybase relationaldatabase were translated into the R�SUM� format (such as was done in thediabetes-therapy domain; see Section 6.3). The assumption in such cases is thatone single patient record is being read into the system�s memory, available for

Chapter 8: Summary and Discussion291interpretation and querying during a consultation session, but that no outputneeds to be saved back to the original database.However, in a broader context, such as when interacting with a large, multiple-user patient database, there are many interesting new issues that need to beexamined. For one, how is the system to maintain the dependency links createdamong abstractions, if these abstractions will be saved in some storage space,such as the common database? Most commercial databases do not provide anunderlying truth-maintenance system or other logical-dependency links amongtuples in the database, and offer no mechanism for recursively propagatingupdates. Therefore, using a system such as R�SUM� in the context of, say, ahospital database, might create inconsistency problems: The R�SUM� systemwill update old conclusions in the temporal fact base as new data arrive (possiblyout of temporal order); but the database system, not having the benefit of thedependency links and the truth-maintenance propagating mechanism, will alsokeep the old, incorrect conclusions.In addition, arrival of new data to the patient database should be reported to theR�SUM� temporal fact base. Thus, we need to investigate whether the temporalfact base and the external database should be tightly coupled (each update isreflected immediately in the other database), loosely coupled (updates are sentintermittently to the other database) or not coupled at all (an unlikely solution,but, unfortunately, the state-of-the-art for most stand-alone expert systems).Several protocols for connecting and mutually updating the internal and externaldatabases are theoretically possible The choice among the alternatives also mightdepend on the properties of the domain, and the capabilities of the externaldatabase (object-oriented databases handle links among entities much better), butthe problem deserves further research.An issue, relevant to the nonmonotonicity and database coupling ones, iswhether some, all, or none of the temporal abstractions should be saved in theglobal patient database. Given that some of these abstractions are onlyintermediate, whereas other abstractions might be changed by future data

Chapter 8: Summary and Discussion292(possibly with a past time stamp or having some influence on the interpretationof that past), it might be advisable not to save any abstractions, due to theirlogically defeasible nature. However, it is obviously useful, from an efficiencypoint of view, to cache several key conclusions for easy future use, either torespond to a direct query or to support another temporal-abstraction process.The caching is especially important for saving high-level abstractions, such as�nephrotic syndrome,� that have occurred in the past and that are unlikely tochange, and that are certainly useful for interpreting the present. Suchabstractions might be available for querying by other users (including programs),who do not necessarily have access to the R�SUM� problem solver or to thedomain�s full temporal-abstraction ontology. It is therefore worthwhile toinvestigate the episodic use of �temporal checkpoints� beyond which pastabstractions are cached, available for querying, but not for modification.8.4.4 The Threshold ProblemSome of the issues raised by the use of the R�SUM� system are relevant to mostsystems solving an interpretation task. An especially pertinent one is the impliedclassification subtask.Classifying time-stamped numerical data into discrete categories usingpredefined ranges of values, as is done in R�SUM� by the contemporaneous-abstraction mechanism when the range-classification scheme is used, presentsseveral problems, one of which is the threshold problem. The expert abstractinga body temperature up to 98ß F as NORMAL does not necessarily mean that 98.01ßF should be considered HIGH. Such use of the definition might lead to erroneousconclusions when similar cases are compared, where the temperatures areessentially the same. Some aspects of this problem are handled, in the case of thegradient abstractions, by the Cp (significant change) attribute or context-specificfunction, and clinical protocols typically use well-defined ranges, but in general,state abstractions might still be classified too rigidly. One way to approach thethreshold problem is to represent the cut-off points between different categoriesas a set of constraints, using heuristics to choose a specific cut-off value when

Chapter 8: Summary and Discussion293necessary [Goyal and Shoham, 1992]. These constraints must be acquired fromthe domain expert. Another possibility is to represent cut-off points in aprobabilistic fashion, assigning to each value (or range) a certain probability ofbelonging to the LOW or HIGH abstraction class. In this case, the probabilitydistribution of every abstraction across the parameter values must be acquired.Another option is to use a fuzzy-logic representation, assigning each parametervalue a certain measure of belonging to each abstraction-class value. One suchrecent approach uses sigmoidal functions for recognition of time-dependentpatterns [Drakopolous and Hayes-Roth, 1994]. The tradeoff of using aprobabilistic or a fuzzy representation includes not only a representationalburden, but also a computational one, since all possible interpretations, asunlikely as these are, must be saved and monitored in parallel. It is also unclearin what way would, or should, a human or automated user use the resultantprobabilistic or fuzzy abstractions (e.g. a 15% probability of HIGH(Hb), a 55%probability of NORMAL(Hb), and a 30% probability of LOW(Hb), or a 0.8 fuzzymeasure of HIGH(Hb)) and the resultant probabilistic or fuzzy time intervals ofvarying lengths. It would seem likely that the reasoning process using theabstraction module�s output (e.g., a physician or an automated planner) wouldstill have to apply, in practice, some threshold, perhaps arbitrary, to the resultingfuzzy or probabilistic measure, when it needs to commit itself to some action.The process of mapping several numerical, time-stamped, data parameters into adiscrete, predefined category requires further investigation. (The knowledge-based temporal-abstraction model does not depend, of course, on any particularimplementation of the classification knowledge, and can only benefit fromprogress in that area. The tradeoff involved in a complex classification schemeincludes, among other considerations, the effort required to acquire a complexclassification function from a domain expert and to modify that function whennecessary.)8.4.5 Implications for Semantics of Temporal Database QueriesIn Section 4.2.3, I described the temporal-inference mechanism. One of the twomain types of knowledge used by that mechanism is temporal-semantic knowledge,

Chapter 8: Summary and Discussion294an extension of Shoham�s [1987] classification of the relationship of predicatesinterpreted over one time interval to predicates interpreted over other timeintervals. As described in Sections 4.2.3 and 5.5, the temporal-semanticproperties of parameter propositions are valuable both for inferring furtherabstractions and for detecting contradictions among existing ones, leading toretraction of potentially incorrect conclusions and to propagation of the newconclusions by the truth-maintenance system. The temporal-semantic propertiescan be useful for performing similar functions in temporal databases. Forinstance, two tuples representing a certain predicate, whose temporal attributesrefer to meeting time intervals, should not necessarily be concatenated forpurposes of summarization. In addition, queries such as �was p necessarily trueduring time interval I?� or �is it possibly true that p held over a certain timeinterval?� when I is has some temporal relation to an interval I1 over which p istrue, might be answered, among other means, by using temporal-semanticproperties.As mentioned in Section 4.2.3, the full use of the inferences implied by thetemporal-semantic knowledge might be viewed as a modal logic of combiningpropositions over time, and representing what is possibly true and what isnecessarily true. Further research would be useful and might elucidate someissues in the semantics of temporal queries referred to temporal databases.8.4.6 Relationship to Other Knowledge-Based Problem-Solving FrameworksIt is interesting to compare the inference actions implied by the temporal-abstraction mechanisms with the basic inferential components existing in otherproblem-solving frameworks mentioned in Section 2.2. Such a comparisonwould enable us to appreciate more to what extent the knowledge-basedtemporal-abstraction method is general and potentially sharable withframeworks substantially different from PROT�G� II. I have started that processby collaborating with researchers in the European KADS-II project, a newerversion of the KADS methodology (see Section 2.2), comparing the temporal-abstraction mechanisms with the KADS-II primitive inference actions (PIAs)

Chapter 8: Summary and Discussion295[Aben et al., 1994]. We constructed an inference structure in KADS-II terms,which represented the essence of the contemporaneous-abstraction, temporal-inference, and temporal-interpolation mechanisms. One of the main insights wegained was that the temporal-abstraction mechanisms operate at a much higherlevel of inference granularity, as opposed to very low-level, highly nonspecificPIAs such as select or generalize. Thus, the KADS-II architecture has highlygeneralizable, low-level, components; however, the tradeoff in using such highlymodular components, and in representing all classification functions, forinstance, as a SELECT operation, is that these components are not sufficiently taskspecific. Representing the temporal-interpolation mechanism, for example, as aset of PIAs, tends to obscure the way that the domain-specific temporal-abstraction knowledge is used by different mechanisms. Also, it volunteers noclue as to the knowledge-use level [Steels, 1990] represented explicitly by thetemporal-abstraction mechanisms� ontology of parameters, events, and contexts.The knowledge-use level, however, seems highly useful for bridging the gapbetween theoretical problem-solving methods and working applications.8.4.7 Implications for Plan Recognition and CritiquingAs mentioned in Section 8.2, one of the additional potential uses for theknowledge-based temporal-abstraction framework is the representation of thehigh-level goals of a plan as temporal patterns. For instance, in medical domains,a plan might be a therapy plan, or a set of policies inherent in a clinical guideline.This representation might be achieved by an annotation of nodes in a tree ofgoals and subgoals. Annotations might include temporal patterns that should becreated or maintained, and temporal patterns that should be avoided (eitherwhen detected or when generated hypothetically by a planner consideringtherapy options). The therapy planner would also need a library of planscorresponding to particular goals, subgoals, and expected problems that theplanner might encounter while executing a plan (so called plan bugs in the case-based planning literature [Hammond, 1989]). Combining the annotated planwith the plan library might enable the planning system to realize when the

Chapter 8: Summary and Discussion296physician actually is following a higher-level policy, even though, superficially,she has overridden the system�s recommendation.Such an ability for an intelligent, goal-oriented dialog with the user seems crucialfor most clinical expert systems if these systems are ever to be accepted byhealth-care providers. I expect that future work will include using the temporal-abstraction mechanisms and related knowledge for the process of planrecognition and plan critiquing. Initial work in the PROT�G�-II group hasalready focused on the plan-revision subtask, one of the subtasks into which theESPR method decomposes its initial task of managing patients using clinical-protocols (see Section 2.2).8.5 SummaryMy work elucidates the nature of the knowledge required for solving thetemporal-abstraction task by a knowledge-based method. In particular, I haveinvestigated five temporal-abstraction mechanisms that can be used to solve,within the knowledge-based temporal-abstraction method, the five subtasks intowhich that method decomposes the temporal-abstraction task. Thus, theknowledge-acquisition and knowledge-maintenance requirements for thesemechanisms become apparent. I have also shown that the five subtasks of theknowledge-based temporal-abstraction method appear implicitly in mostsystems that perform temporal-reasoning, especially in clinical domains.The knowledge used by expert physicians to extract meaningful temporalintervals from a set of data is intricate and is largely implicit. This intricacy isreflected in the complexity of the temporal-abstraction knowledge, when thatknowledge is represented explicitly in the knowledge-based temporal-abstraction model by a domain-specific temporal-abstraction ontology ofparameters, events, contexts, abstraction goals, and DIRCs. Designers of medicalknowledge-based systems cannot escape this complexity if they wish to supporttasks that involve significant amount of reasoning about time-stamped data.

Chapter 8: Summary and Discussion297I have implemented the knowledge-based temporal-abstraction method in theR�SUM� problem-solver. The architecture of the R�SUM� system testsadditional claims with respect to the desired representation of temporal-reasoning knowledge. The R�SUM� parameter-properties ontology is organizedby abstraction types (state, gradient, rate, and pattern) and is specialized bycontexts. Most of the knowledge is represented uniformly and declaratively asmultidimensional tables (each representing implicitly a large number of inferencerules) with a small number of semantic axes that determine the correctinterpretation of the table. The inherent nonmonotonicity of temporalabstraction is addressed by a combination of the temporal-inference mechanism(using the temporal-semantic properties of the domain�s parameter propositions)and a truth-maintenance system that maintains logical dependencies among alldata and abstractions.My discussion of the theoretical domain-independent temporal-abstractionmodel presented in Chapter 4, and of the task-specific architecture of theR�SUM� system presented in Chapter 5, suggests that both the temporal-abstraction task as I have defined it, and the methodology I proposed for solvingit, are relevant to many other application domains besides clinical medicine. Thetemporal-abstraction task and its solution are relevant to domains in whichabstraction of concepts over time from primitive, input data is needed, and inwhich most of the features described in Section 1.1 are desired. Themethodology I present is especially useful when several abstraction levels anddata types exist as possible inputs or outputs of the temporal-abstraction task,when data might arrive out of temporal order, and when several context-specificinterpretations might need to be monitored in parallel.I have defined four types of knowledge required to apply the domain-independent temporal-abstraction mechanisms to any particular domain, andespecially to clinical domains. That knowledge should be formulated precisely;as I have demonstrated in Chapter 6, most of that knowledge can be acquiredfrom domain experts, and can be used for solving the temporal-abstraction taskin that domain. Since the knowledge requirements of the temporal-abstraction

Chapter 8: Summary and Discussion298mechanisms are well defined, the knowledge-acquisition process, as I haveexplained in Chapter 7, can either use a manual methodology driven by theknowledge roles defined in the knowledge-based temporal-abstraction inferencestructure, or use automatically generated knowledge-acquisition tools, tailored tothe domain and to the task, such as the knowledge-acquisition tools generated bythe PROT�G�—II system.Whatever the knowledge-acquisition methodology chosen, however,understanding the knowledge required for abstracting clinical data over time inany particular domain is a useful undertaking. A clear specification of thatknowledge, and its representation in an ontology specific to the task ofabstracting concepts over time, as was done in the architecture of the R�SUM�system, supports designing new knowledge-based systems that performtemporal-reasoning tasks. The formal specification of the temporal-abstractionknowledge supports also acquisition of that knowledge from domain experts,maintenance of that knowledge once acquired, reusing the problem-solvingknowledge for temporal abstraction in other domains, and sharing the domain-specific knowledge with other problem solvers that might need access to thedomain�s temporal-reasoning knowledge.

Bibliography299BibliographyAben, M., Shahar, Y., and Musen, M.A. (1994). Temporal abstractionmechanisms as KADS inferences. Proceedings of the 8th Banff KnowledgeAcquisition for Knowledge-based systems Workshop, Vol. 2, pp. 28-1�28-22,Banff, Alberta, Canada.Albridge, K.M., Standish, J., and Fries, J.F. (1988). Hierarchical time-orientedapproaches to missing data inference. Computers and Biomedical Research 21,349—366.Allen, J.F. (1983) Maintaining knowledge about temporal intervals.Communications of the ACM 26, 832—843 .Allen, J.F. (1984) Towards a general theory of action and time. ArtificialIntelligence 23,˚123—154 .Anscombe, G.E.M. (1964). Before and after. The Philosophical Review 73, 3—24.Bennet, J.S. (1985). ROGET: A knowledge-based system for acquiring theconceptual structure of a diagnostic expert system. Journal of AutomatedReasoning 1, 49—74.Bellazi, R. (1992). Drug delivery optimization through bayesian networks.Proceedings of the Sixteenth Annual Symposium on Computer Applications inMedical Care, pp. 572—578. New York: McGraw-Hill.Bellazzi, R., Quaglini, S., Berzuini, C., and Stefanelli, M. (1991). GAMEES: Aprobabilistic environment for expert systems. Computer Methods and Programsin Biomedicine 35, 177—191.Berzuini, C., Bellazi, R., Quaglini, S., and Spiegelhalter, D.J. (1992). Bayesiannetworks for patient monitoring. Artificial Intelligence in Medicine 4, 243—260.Blum, R.L. (1982). Discovery and representation of causal relationships from alarge time-oriented clinical database: The RX project. In Lindberg, D.A. andReichartz, P.L. (eds), Lecture Notes in Medical Informatics, volume 19, NewYork: Springer-Verlag.Bobrow, D.G. (ed)(1985). Qualitative reasoning about physical systems. Cambridge,MA: MIT Press.

Bibliography300Boose, J,H., and Bradshow, J.M. (1986). Expertise transfer and complexproblems: Using AQUINAS as a knowledge-acquisition workbench forexpert systems. International Journal of Man-Machine Studies 26, 21—25.Bruce, B.C. (1972). A model for temporal references and its application in aquestion-answering program. Artificial intelligence 3, 1—25.Buchanan, B.G., and Shortliffe, E.H. (eds) (1984). Rule Based Expert Systems: TheMYCIN Experiments of the Stanford Heuristic Programming Project. Reading,MA: Addison-Wesley.Chandrasekaran, B. (1983). Towards a taxonomy of problem-solving types. AIMagazine 4, winter-spring, 9—17.Chandrasekaran, B. (1986). Generic tasks in knowledge-based reasoning: High-level building blocks for expert system design. IEEE Expert 1, 23—30.Chandrasekaran, B. (1990). Design problem solving: a task analysis. AI Magazine11, winter, 59—71.Chandrasekaran, B., and Mittal, S. (1983). Deep versus compiled approaches todiagnostic problem solving. International Journal of Man—Machine Studies 19,425—436.Charniak, E., and McDermott, D.V. (1985). An Introduction to Artificial Intelligence.Reading, MA: Addison-Wesley.Clancey, W.J. (1983). The epistemology of a rule-based expert system: Aframework for explanation. Artificial Intelligence 20, 215—251.Clancey, W.J. (1985). Heuristic Classification. Artificial Intelligence 27, 289—350.Clancey, W.J., and Letsinger, R. (1981). NEOMYCIN: Reconfiguring a rule-basedexpert system for application to teaching. Proceedings of the SeventhInternational Joint Conference on Artificial Intelligence, Vancouver, B.C., pp. 829—836.Clifford, J., and Rao, A. (1988). A simple, general structure for temporaldomains. In Rolland, C., Bodart, F., and Leonard, M. (eds), Temporal Aspectsin Information Systems. Amsterdam: North-Holland.Console, L. and Torasso, P. (1991). Temporal constraint satisfaction on causalmodels. Information Sciences .Console, L., and Torasso, P. (1988). Dealing with time in diagnostic reasoningbased on causal models. In Ras, Z. and Saitta, L. (eds), Methodologies forIntelligent Systems 3, pp. 230—239, Amsterdam: North-Holland.

Bibliography301Console, L., and Torasso, P. (1991). On the cooperation between abductive andtemporal reasoning in medical diagnosis. Artificial Intelligence in Medicine 3,291—311.Cousins, S.B., and Kahn, M.G. (1991). The visual display of temporalinformation. Artificial Intelligence in Medicine 3, 341—357.Dagum, P., Galper, A., and Horvitz, E.J. (1992). Dynamic network models forforecasting. Proceedings of the Eight Conference on Uncertainty in ArtificialIntelligence, pp. 41—48. San Mateo, CA: Morgan Kaufmann.Dagum, P., and Galper, A. (1993a). Sleep apnea forecasting with dynamicnetwork models. Knowledge Systems Laboratory Report KSL-93-20, May 1993,Stanford University, Stanford, CA.Dagum, P, Galper, A., Horvitz, E.J., and Seiver, A. (1993b). Uncertain reasoningand forecasting. Knowledge Systems Laboratory Report KSL-93-47, June 1993,Stanford University, Stanford, CA.Das, A.K., Tu, S.W., Purcell, G.P., and Musen, M.A. (1992). An extended SQL fortemporal data management in clinical decision-support systems. In Frisse,M.E., (ed), Proceedings of the Sixteenth Annual Symposium on ComputerApplications in Medical Care , pp. 128—132, McGraw Hill, New York, NY.Das, A.K., Shahar, Y., Tu, S.W., and Musen, M.A. (1994). A temporal-abstractionmediator for protocol-based decision support. Proceedings of the EighteenthAnnual Symposium on Computer Applications in Medical Care , Washington, DC.Das, A.K., and Musen, M.A. (in press). A temporal query system for protocol-directed decision support. Methods of Information in Medicine.Davis, R. (1979). Interactive transfer of expertise: Acquisition of new inferencerules. Artificial Intelligence 12, 121—157.Davis, R., and King, J. (1984). The origin of rule-based systems in AI. InBuchanan, B.G., and Shortliffe, E.H. (eds), Rule Based Expert Systems: TheMYCIN Experiments of the Stanford Heuristic Programming Project. Reading,MA: Addison-Wesley.De Zegher-Geets, I.M. (1987). IDEFIX: Intelligent summarization of a time-oriented medical database. M.S. Dissertation, Medical Information SciencesProgram, Stanford University School of Medicine, June 1987. KnowledgeSystems Laboratory Technical Report KSL—88-34, Department of ComputerScience, Stanford University, Stanford, CA.De Zegher-Geets, I.M., Freeman, A.G., Walker, M.G., and Blum, R.L (1987).Computer-Aided Summarization of a Time-Oriented Medical Data Base..

Bibliography302Knowledge Systems Laboratory Report KSL—87—18, Department of ComputerScience, Stanford University, Stanford, CA.De Zegher-Geets, I.M., Freeman, A.G., Walker, M.G., Blum, R.L, and Wiederhold,G. (1988). Summarization and display of on-line medical records. M.D.Computing 5, 38—46.Dean, T., and Kanazawa, K. (1986). Probabilistic temporal reasoning.Proceedings of the Eight National Conference on Artificial Intelligence, pp. 524—528,Minneapolis, MN.Dean, T., and McDermott, D.V. (1987). Temporal database management.Artificial Intelligence 32, 1—55.Donker, D.K. (1991). Interobserver Variation in the Assessment of Fetal Heart RateRecordings. Ph.D. Dissertation, Vrije Universiteit. Amsterdam: VUUniversity Press.Downs, S.M. (1986). A program for automated summarization of on-line medicalrecords. M.S. Dissertation, Medical Information Sciences Program, StanfordUniversity School of Medicine, June 1986. Knowledge Systems LaboratoryTechnical Report KSL—86—44, Department of Computer Science, StanfordUniversity, Stanford, CA.Downs, S.M., Walker M.G., and Blum, R.L. (1986). Automated summarization ofon-line medical records. In Salamon, R., Blum, B. and Jorgensen, M. (eds),MEDINFO �86: Proceedings of the Fifth Conference on Medical Informatics, pp.800—804, North-Holland, Amsterdam.Drakopoulos, J. A. & Hayes-Roth, B. (1994). tFPR: A fuzzy and structuralpattern recognition system of multi-variate time dependent patterns based onsigmoidal functions. Knowledge Systems Laboratory, Technical Report KSL-94-42,Stanford University, Stanford, CA.Ericsson, K.A., and Simon, H.A. (1984). Protocol Analysis: Verbal Reports as Data.Cambridge, MA: MIT press.Eriksson, H., Shahar, Y., Tu., S.W., Puerta, A.R., and Musen, M.A. (in press).Task modeling with reusable problem-solving methods. Artificial Intelligence.Eshelman, L. (1988). MOLE: A knowledge-acquisition tool for cover-and-differentiate systems. In Marcus, S. (ed), Automating Knowledge-Acquisition forExpert Systems. Boston: Kluwer.Fagan, L.M. (1980). VM: Representing Time-Dependent Relations in a MedicalSetting. Ph.D. dissertation, Department of Computer Science, StanfordUniversity, Stanford, CA.

Bibliography303Forbus, K.D. (1984). Qualitative process theory. Artificial Intelligence 24, 85—168.Forgy, C. (1982). RETE: A fast algorithm for the many pattern/many objectpattern-match problem. Artificial Intelligence 19, 17—38.Fries, J.F. (1972). Time oriented patient records and a computer databank.Journal of the American Medical Association 222, 1536—1543.Fries, J.F., and McShane, D.J. (1986). ARAMIS (The American RheumatismAssociation Medical Information System)—A prototypical national chronic-disease data bank. Western Journal of Medicine 145, 798—804.Gabbay, D., Pnueli, A., Shelah, S. and Stavi, J. (1980). On the temporal analysis offairness. Proceedings of the seventh ACM Symposium on on Principles ofProgramming Languages, 163-173.Galton, A. (ed)(1987). Temporal Logics and Their Applications. London: AcademicPress.Genesereth, M.R., and Fikes, R.E. (1992). Knowledge Interchange Format,Version 3.0 Reference Manual. Technical Report Logic-92-1, Computer ScienceDepartment, Stanford University, Stanford, CA.Gennari, J.H. (1993). A brief guide to MAŒTRE and MODEL: An ontology editorand a frame-based knowledge representation language. Knowledge SystemsLaboratory Working Paper KSL—93—46, June.Gennari, J.H., Tu, S.W., Rothenfluh, T.E., and Musen, M.A. (in press). Mappingdomains to methods in support of reuse. International Journal of Human—Computer Studies.Giarratano, J., and Riley, G. (1994). Expert Systems: Principles and Programming.Boston, MA: PWS Publishing Company.Goyal, N., and Shoham, Y. (1992). Interpreting discrete symbols as numericalranges. Proceedings of the AAAI Workshop on Abstraction and Approximation ofComputational Theories, San Jose, CA.Gruber, T.G. (1993). A translation approach to portable ontology specification.Knowledge Acquisition 5, 117—243.Guha, R.V. (1991). Contexts: A formalization and some applications. MCCTechnical Report No. ACT—CYC—423—91, Microelectronics and ComputerTechnology Corporation, Austin, TX.Haimowitz, I.J., and Kohane, I.S. (1993a). An epistemology for clinicallysignificant trends. Proceedings of the Tenth National Conference on ArtificialIntelligence, pp. 176—181, Menlo Park, CA: AAAI Press.

Bibliography304Haimowitz, I.J., and Kohane, I.S. (1993b). Automated trend detection withalternate temporal hypotheses. Proceedings of the Thirteenth International JointConference on Artificial Intelligence, pp. 146—151, San Mateo: MorganKaufmann.Haimowitz, I.J. (1994). Knowledge-Based Trend Detection and Diagnosis. Ph.D.Dissertation, Department of Electrical Engineering and Computer Science,Massachusetts Institute of Technology.Halpern, J.Y., and Shoham, Y. (1986). A propositional modal logic of timeintervals. Proceedings of the Symposium on Logic in Computer Science, Boston,Mass. New York: IEEE.Hammond, K.J. (1989). Case-Based Planning: Viewing Planning as a Memory Task.Academic Press.Hayes, P. (1978). The naive physics manifesto. In Michie, D. (ed), Expert Systemsin the Microelectronic Age. Edinburgh: Edinburgh University Press.Hayes, P. (1985). The second naive physics manifesto. In Bobrow, D.G. (ed.),Qualitative reasoning about physical systems. Cambridge, MA: MIT Press.Hayes-Roth, B., Washington, R., Ash, D., Hewett, R., Collinot, A., Vina, A., andSeiver, A. (1992). Guardian: A prototype intelligent agent for intensive-caremonitoring. Artificial Intelligence in Medicine 4, 165—185.Heckerman, D.E., and Miller, R.A. (1986). Towards a better understanding of theINTERNIST-1 knowledge base. In Salamon, R., Blum, B. and Jorgensen, M.(eds), MEDINFO �86: Proceedings of the Fifth Conference on Medical Informatics,pp. 27—31, New York: North-Holland.Heckerman, D.E., Horvitz, E.J., and Nathwani, B.N. (1992). Towards normativeexpert systems: Part I. The Pathfinder project. Methods of Information inMedicine 31, 96—105.Hripcsak G., Clayton P.D., Pryor T.A., Haug P., Wigertz O.B, and van der Lei, J.(1990). The Arden syntax for medical logical modules. In Miller, R. A. (ed),Proceedings, of the Fourteenth Annual Symposium on Computer Applications inMedical Care , pp. 200—204, Los Alamitos: IEEE Computer Society Press.Hughes, G.E., and Cresewell, M.J. (1968). An Introduction to Modal Logic.London: Methuen.Kahn, K. and Gorry, G.A. (1977). Mechanizing temporal knowledge. Artificialintelligence 9, 87—108.

Bibliography305Kahn, M.G. (1988). Model-Based Interpretation of Time-Ordered Medical Data. Ph.D.dissertation, Section on Medical Information Sciences, University ofCalifornia, San Francisco, CA.Kahn, M.G. (1991a). Combining physiologic models and symbolic methods tointerpret time-varying patient data. Methods of Information in Medicine 30,167—178.Kahn, M.G. (1991b). Extensions to the time-oriented database model to supporttemporal reasoning in medical expert systems. Methods of Information inMedicine 30, 4—14.Kahn, M.G. (1991c). Modeling time in medical decision support programs.Medical Decision Making 11, 249—264.Kahn, M.G. (1991d). TQuery: A context-sensitive temporal query language.Computers and Biomedical Research 24, 401—419.Kahn, M.G., Abrams, C.A., Cousins, S.B., Beard, J.C., and Frisse, M.E. (1990).Automated interpretation of diabetes patient data: Detecting temporalchanges in insulin therapy. In Miller, R. A. (ed), Proceedings, of the FourteenthAnnual Symposium on Computer Applications in Medical Care , pp. 569—573, LosAlamitos: IEEE Computer Society Press.Kanazawa, K. (1991). A logic and time nets for probabilistic inference.Proceedings, Ninth National Conference on Artificial Intelligence, pp. 360—365, LosAngeles, CA. Cambridge, MA: MIT Press.Klinker, G., Bhola, C., Dallemagne, G., Marques, D., and McDermott, J. (1991).Usable and reusable programming constructs. Knowledge Acquisition 3, 117—136.Klinker, G., Marques, and D., McDermott, J. (1993). The active Glossary: Takingintegration seriously. Knowledge Acquisition 5, 173—198.Kohane, I.S. (1987). Temporal reasoning in medical expert systems. TechnicalReport 389, Laboratory of Computer Science, Massachusetts Institute of Technology,Cambridge, MA.Kohane, I.S. (1986). Temporal reasoning in medical expert systems. In Salamon,R., Blum, B. and Jorgensen, M. (Eds), MEDINFO �86: Proceedings of the FifthConference on Medical Informatics, pp. 170—174, Amsterdam: North-Holland.Kohane, I.S., and Haimowitz, I.J. (1993). Hypothesis-driven data abstraction withtrend templates. Proceedings of the Seventeenth Annual Symposium on ComputerApplications in Medicine, pp. 444—448, Washington, DC

Bibliography306Kowalski, R.A., and Sergot, M.J. (1986). A logic-based calculus of events. NewGeneration Computing 4, 67—95.Kuilboer, M.M., Shahar, Y., Wilson, D.M., and Musen, M.A. (1993). Knowledgereuse: Temporal-abstraction mechanisms for the assessment of children�sgrowth. Proceedings of the Seventeenth Annual Symposium on ComputerApplications in Medicine, pp. 449—453, Washington, DC.Kuilboer, M. (1994). CALIPER: Temporal Reasoning for the Monitoring ofChildren�s Growth. M.S. Dissertation, Medical Information SciencesProgram, Stanford University School of Medicine, July 1994. KnowledgeSystems Laboratory Technical Report KSL—94-56, Department of ComputerScience, Stanford University, Stanford, CA.Kuipers, B. (1984). Deriving behavior from structure. Artificial Intelligence 24,169—203.Kuipers, B. (1986). Qualitative simulation. Artificial Intelligence 29, 289—338.Kuipers, B., and Kassirer, J. (1987). Knowledge acquisition by analysis ofverbatim protocols. In Kidd, A.L. (ed.), Knowledge Acquisition for ExpertSystems: A Practical Handbook. New York: Plenum.Ladkin, P (1986a). Primitives and units for time specification. Proceedings of theSixth National Conference on Artificial Intelligence, pp. 354—359, Philadelphia,PA.Ladkin, P. (1986b). Time representation: A taxonomy of interval relations.Proceedings of the Sixth National Conference on Artificial Intelligence, pp. 360—366,Philadelphia, PA.Ladkin, P (1987). Models of axioms for time intervals. Proceedings of the SeventhNational Conference on Artificial Intelligence, pp. 234—239, Seattle, WA.Langlotz, C.P., Fagan, L.M., Tu, S.W., Sikic, B., and Shortliffe, E.H. (1987). Atherapy-planning architecture that combines decision theory and artificialintelligence techniques. Computers and Biomedical Research 20, 279—303.Larizza, C., (1990). Un Sistema Informativo Intelligente per il Monitoraggio diInfezioni in Pazienti Cardiotrapiantati. Ph.D. Dissertation, Dipartimento diInformatica e Sistemistica, Universit� di Pavia, Pavia, Italy.Larizza, C., Moglia, A., and Stephanelli, M. (1992). M-HTP: A system formonitoring heart-transplant patients. Artificial Intelligence in Medicine 4, 111—126.Layard, M.W. (1983). MEDLOG: A microcomputer-based clinical-datamanagement system. Proceedings of the Congress on Medical Informatics,

Bibliography307American Association for Medical Systems and Informatics Congress 83, IEEEComputer Society Press.Leaper, D.J., Horrocks, J.C., Staniland, J.R., and deDombal, F.T. (1972). Computerassisted diagnosis of abdominal pain using estimates provided by clinicians.British Medical Journal 4, 350—354.Linster, M, and Musen, M.A. (1992). Use of KADS to create a conceptual modelof the ONCOCIN task. Knowledge acquisition 4, 55—88.Long, W.J. (1983). Reasoning about state from causation and time in the medicaldomain. Proceedings of the Fourth National Conference on Artificial Intelligence,pp. 251—254, Washington, DC.Long, W.J., and Russ, T.A. (1983). A control structure for time dependentreasoning. Proceedings of the Eighth International Joint Conference on ArtificialIntelligence (Alan Bundy, Ed.), pp. 230—232, William Kaufmann, Los Altos,CA.Long, W.J., Naimi, S., Criscitiello, M.G., and Kurzrock, S. (1986). Reasoningabout therapy from a physiological model. In Salamon, R., Blum, B., andJorgensen, M. (Eds), MEDINFO �86: Proceedings of the Fifth Conference onMedical Informatics , pp. 756—760, North-Holland, Amsterdam.MacGregor, R. (1991). Inside the LOOM description classifier. SIGART Bulletin2, 88—92.Marcus, S. (1988a). SALT: A knowledge-acquisition tool for propose-and-revisesystems. In Marcus, S. (ed), Automating Knowledge-Acquisition for ExpertSystems. Boston: Kluwer.Marcus, S. (ed) (1988). Automating Knowledge-Acquisition for Expert Systems.Boston: Kluwer.McCarthy, J. (1957). Situations, actions and causal rules. AI-Memo 1, ArtificialIntelligence Project, Stanford University, Stanford, CA.McCarthy, J. (1986). Applications of circumscription to formalizingcommonsense knowledge. Artificial Intelligence 28, 89-116.McCarthy, J., and Hayes, P. (1969). Some philosophical problems from thestandpoint of artificial intelligence. In Meltzer, B., and Michie, D (eds),Machine Intelligence 4, pp. 463—502. Edinburgh, UK: Edinburgh UniversityPress. Also in Weber, B.L., and Nilsson, N.J. (eds), Readings in ArtificialIntelligence. Los Altos, CA: Morgan Kaufmann, 1981.McDermott, D.V. (1982). A temporal logic for reasoning about processes andplans. Cognitive Science 6, 101—155.

Bibliography308McDermott, J. (1988). Preliminary steps toward a taxonomy of problem-solvingmethods. In Marcus, S. (ed), Automating Knowledge-Acquisition for ExpertSystems. Boston: Kluwer.McTaggart, J.M.E. (1908). The unreality of time. Mind 17, 457—474.Miller, P.L. (1986). Expert Critiquing Systems: Practice-Based Medical Consultationby Computer. New York: Springer-Verlag.Miller, R.A., Pople, H.E., and Myers, J.D. (1982). INTERNIST-I, an experimentalcomputer-based diagnostic consultant for general internal medicine. NewEngland Journal of Medicine 307, 468—476.Morris, R.A. and Al-Khatib, Lina (1992). Languages and models for reasoningwith non-convex time intervals. Proceedings of the AAAI Workshop onImplementing Temporal Reasoning, pp. 93—99, San Jose, CA.Musen M.A., Fagan, L.M., Coombs, D.M., and Shortliffe, E.H (1987). Use of adomain model to drive an interactive knowledge-editing tool. InternationalJournal of Man—Machine Studies 26, 105—121.Musen, M.A. (1989a). Automated Generation of Model-based Knowledge-AcquisitionTools. San Mateo, CA: Morgan Kaufmann.Musen, M.A. (1989b). Conceptual models of interactive knowledge acquisitiontools. Knowledge Acquisition 1, 73—88.Musen, M.A. (1992a). Dimensions of knowledge sharing and reuse. Computersand Biomedical Research 25, 435—467.Musen, M.A. (1992b). Overcoming the limitations of role-limiting methods.Knowledge Acquisition 4, 165—170.Musen, M.A., Carlson, C.W., Fagan, L.M., Deresinski, S.C., and Shortliffe, E.H.(1992a). T-HELPER: Automated support for community-based clinicalresearch. In Frisse, M. E. (ed), Proceedings of the Sixteenth Annual Symposium onComputer Applications in Medical Care , pp. 719—723, New York: McGraw Hill.Musen, M.A., Tu, S.W., and Shahar, Y. (1992b). A Problem-solving model forprotocol-based care: From e-ONCOCIN to EON. In Lun, K.C., Degoulet, P.,Piemme, T.E., and Reinhoff, O. (eds), MEDINFO �92: Proceedings of the SeventhConference on Medical Informatics. Amsterdam: North-Holland.Musen, M.A., Gennari, J.H., Eriksson, H., Tu, S.W., and Puerta, A.R. (1995).PROT�G�-II: Computer support for development of intelligent systems fromlibraries of components. In MEDINFO �95: Proceedings of the Eight WorldCongress on Medical Informatics, Vancouver, British Columbia.

Bibliography309Newell,A. (1982). The knowledge level. Artificial Intelligence 18, 87—127.NIH expert panel (1988). Report of the National Cholesterol Education Programexpert panel on detection, evaluation, and treatment of high blood cholesterolin adults. Archives of Internal Medicine 148, 36.Pearl, J. (1986). Fusion, Propagation and structuring in belief networks. ArtificialIntelligence 29, 241—288.Poliakov, A. (1981). Tense and Performance. Rodopi: Amsterdam.Pratt, V.R. (1976). Semantical considerations on Floyd-Hoare logic. Proceedings ofthe seventeenth Symposium on the Foundatins of Computer Science, pp. 109—121.New York: IEEE Press.Prior, A.N. (1955). Diodorian modalities. The Philosophical Quartely 5, 202—213.Prior, A.N. (1957). Time and Modality. Oxford: Clarendon Press.Prior, A.N. (1967). Past, Present and Future. Oxford: Clarendon Press.Puerta, A.R., Egar, J.W., Tu, S.W., and Musen, M.A. (1992). A multiple-methodknowledge-acquisition shell for the automatic generation of knowledge-acquisition tools. Knowledge Acquisition 4, 171—196 .Quaglini, S., Bellazzi, R., Berzuini, C., Stefanelli, M., and Barosi, G. (1992). Bybridknowledge-based systems for therapy planning. Artificial Intelligence inMedicine 4, 207—226.Reichenbach, H. (1947). Elements of Symbolic Logic. New York, NY: Macmillan.Rescher and Urquhart (1971). Temporal Logic. New York, NY: Springer-Verlag.Rucker, D.W., Maron, D.J., and Shortlife, E.H. (1990). Temporal representationof clinical algorithms using expert-system and database tools. Computers andBiomedical Research 23, 222—239.Russ, T.A. (1986). A system for using time-dependent data in patientmanagement. In Salamon, R., Blum, B., and Jorgensen, M. (eds), MEDINFO�86: Proceedings of the Fifth Conference on Medical Informatics. pp. 165—169,North-Holland, Amsterdam, 1986.Russ, T.A. (1989). Using hindsight in medical decision making. Proceedings,Thirteenth Annual Symposium on Computer Applications in Medical Care (L. C.Kingsland, Ed.), pp. 38—44, IEEE Comput. Soc. Press, Washington, D.C.Shahar, Y., Aben, M. and Musen, M.A. (1993). A framework for acquiringtemporal-abstraction knowledge. Knowledge Systems Laboratory Report No.

Bibliography310KSL—93-02, January, Department of Computer Science, Stanford University,Stanford, CA.Shahar, Y., and Musen, M.A. (1993). R�SUM�: A temporal-abstraction systemfor patient monitoring. Computers and Biomedical Research 26, 255—273.Reprinted in van Bemmel, J.H., and McRay, T. (eds) (1994), Yearbook of MedicalInformatics 1994, pp. 443—461, Stuttgart: F.K. Schattauer and The InternationalMedical Informatics Association.Shahar, Y., Tu, S.W., and Musen, M.A. (1992). Knowledge acquisition fortemporal-abstraction mechanisms. Knowledge Acquisition 4, 217—236.Shahar, Y., Tu, S.W., and Musen, M.A. (1992a). Using temporal-abstractionmechanisms for patient monitoring. Proceedings of the AAAI Symposium onArtificial Intelligence in Medicine, pp. 95—99, Stanford University, CA.Shahar, Y., Tu, S.W., Das, A.K., and Musen, M.A. (1992b). A problem-solvingarchitecture for managing temporal data and their abstractions. Proceedings ofthe AAAI Workshop on Implementing Temporal Reasoning, pp. 141—151, San Jose,CA.Shahar, Y., Das, A.K., Tu, S.W., and Musen, M.A. (1994). Knowledge-basedtemporal abstraction in clinical-management tasks. Proceedings of the AAAISymposium on Artificial Intelligence in Medicine, pp. 143-147, StanfordUniversity, CA.Shoham, Y. (1987). Temporal logics in AI: Semantical and ontologicalconsiderations. Artificial Intelligence 33, 89—104.Shoham, Y. (1988). Chronological ignorance: Experiments in nonmonotonictemporal reasoning. Artificial Intelligence 36, 279—331.Shoham, Y., and Goyal, N. (1988). Temporal reasoning in artificial intelligence.In Shrobe, E.H. (ed.), Exploring Artificial Intelligence. San Mateo, CA: MorganKaufmann.Shoham, Y., and McDermott, D.V. (1988). Problems in formal temporalreasoning. Artificial Intelligence 36 49—61.Shortliffe, E.H. (1986). Medical expert systems�knowledge tools for physicians.Western Journal of Medicine 145:830—839.Silverman, H.A. (1975). A Digitalis Therapy Advisor. Ph.D. dissertation,Massachusetts Institute of Technology, Cambridge, MA.Simmons, R.G. (1988). A theory of debugging plans and interpretations.Proceedings of the Seventh National Conference on Artificial Intelligence, pages 94—99, St. Paul, Minnesota.

Bibliography311Simon, H.A. (1991). Nonmonotonic reasoning and causation: comment.Cognitive Science 15, 293—300.Snodgrass, R., and Ahn, I. (1986). Temporal databases. IEEE Computer, 19, 35-42.Snodgrass, R. (1987). The temporal query language TQuel. ACM Transactions onDatabase Systems, 12, 247—298.Spirgi, S., Wenger, D., and Probost, A.R. (1991). Generic techniques in EMA: amodel-based approach for knowledge acquisition. In Gains, B.R., and Boose,J.H. (eds), Proceedings of the Sixth Knowledge Acquisition for Knowledge-BasedSystems Workshop, pp. 31-1—31-13, Banff, Alberta, Canada.Steels, L. (1990). Components of expertise. AI Magazine 29, summer, 28—49.Stonebraker, M. (1986). The INGRESS papers: Anatomy of a Relational DatabaseSystem. Reading, MA: Addison-Wesley.Swartout, W.R. (1977). A Digitalis Therapy Advisor With Explanations. Ph.D.dissertation, Massachusetts Institute of Technology, Cambridge, MA.Tu, S. W., Eriksson, H., Gennari, J., Shahar, Y., & Musen, M. A. (in press).Ontology-based configuration of problem-solving methods and generation ofknowledge-acquisition tools: Application of PROTEGE-II to protocol-baseddecision support. Artificial Intelligence in Medicine.Tu, S.W., Kahn, M.G., Musen, M.A., Ferguson, J.C., Shortliffe, E.H., and Fagan,L.M. (1989). Episodic skeletal-plan refinement based on temporal data.Communications of the ACM 32, 1439—1455.Tu, S.W., Shahar, Y., Dawes, J., Winkles, J., Puerta, A.R., and Musen, M.A. (1992).A Problem-Solving Model for Episodic Skeletal-Plan Refinement. KnowledgeAcquisition 4, 197—216.van Beek, P. (1989). Approximation algorithms for temporal reasoning.Proceedings of the Eleventh International Joint Conference on Artificial Intelligence,pages 1291—1296, Detroit, MI.van Beek, P. (1990). Reasoning about qualitative temporal information.Proceedings, Eighth National Conference on Artificial Intelligence, pp. 728—734,Boston, MA.van Beek, P. (1991). Temporal query processing with indefinite information.Artificial Intelligence in Medicine 3, 325—340.van Benthem, J.F.A.K. (1991). The Logic of Time. Dordrecht: D. Reidel. 2nd ed.

Bibliography312van der Lei, J., van der Does, E., Man in �t Veld, A.J., Musen, M.A., and vanBemmel, J.H. (1993). Response of general practitioners to computer-generated critiques of hypertension therapy. Methods of Information inMedicine 32, 146—153.Vilain, M., and Kautz, H. (1986). Constraint propagation algorithms for temporalreasoning. Proceedings of the Sixth National Conference on Artificial Intelligence,pp. 377—382, Los Angeles, CA: Morgan Kaufmann.Vilain, M., Kautz, H. and van beek, P. G. (1989). Constraint propagationalgorithms for temporal reasoning: A revised report. In Weld, D.S. and deKleer, J. (eds), Reading in Qualitative Reasoning about Physical Systems, pp. 373—381. Morgan Kaufmann.Washington, R., and Hayes-Roth, B. (1989). Input data management in real-timeAI systems. Proceedings of the Eleventh International Joint Conference on ArtificialIntelliegence, Detroit, MI, 250—255.Weilinga, B., Schreiber, A.T., and Breuker, J. (1992). KADS: a modeling approachto knowledge engineering. Knowledge Acquisition 4, 5—53.Weiss, S., Kulikowsky, C.A., Amarel, S., and Safir, A. (1978). A model-basedmethod for computer-aided medical decision making. Artificial Intelligence 11,145—172.Weld, D. (1986). The use of aggregation in causal simulation. Artificial Intelligence30, 1—34.West, M. and Harrison, J. (1989). Bayesian Forecasting and Dynamic Models. NewYork: Springer Verlag.Williams, B.C. (1988). MINIMA: A symbolic approach to qualitative algebraicreasoning. Proceedings of the Seventh National Conference on ArtificialIntelligence, pp. 94—99, St. Paul, MN.