A FORMAL MODEL FOR BRIDGINGHETEROGENEOUS RELATIONAL DATABASESIN CLINICAL MEDICINEA DISSERTATIONSUBMITTED TO THE PROGRAM IN MEDICAL INFORMATION SCIENCESAND THE COMMITTEE ON GRADUATE STUDIESOF STANFORD UNIVERSITYIN PARTIAL FULFILLMENT OF THE REQUIREMENTSFOR THE DEGREE OF DOCTOR OF PHILOSOPHYByWalter SujanskyJanuary 1996

A FORMAL MODEL FOR BRIDGINGHETEROGENEOUS RELATIONAL DATABASESIN CLINICAL MEDICINEA DISSERTATIONSUBMITTED TO THE PROGRAM IN MEDICAL INFORMATION SCIENCESAND THE COMMITTEE ON GRADUATE STUDIESOF STANFORD UNIVERSITYIN PARTIAL FULFILLMENT OF THE REQUIREMENTSFOR THE DEGREE OF DOCTOR OF PHILOSOPHYByWalter SujanskyJanuary 1996 ii' Copyright by Walter Sujansky 1996All Rights Reserved iiiI certify that I have read this thesis and that in my opinion it is fully adequate, inscope and in quality, as a dissertation for the degree of Doctor of Philosophy______________________________________Russ Altman, Principal Advisor(Section on Medical Informatics)I certify that I have read this thesis and that in my opinion it is fully adequate, inscope and in quality, as a dissertation for the degree of Doctor of Philosophy______________________________________Jeffrey Ullman(Department of Computer Science)I certify that I have read this thesis and that in my opinion it is fully adequate, inscope and in quality, as a dissertation for the degree of Doctor of Philosophy______________________________________Mark Musen(Section on Medical Informatics)I certify that I have read this thesis and that in my opinion it is fully adequate, inscope and in quality, as a dissertation for the degree of Doctor of Philosophy______________________________________Arthur Keller(Department of Computer Science)Approved for the University Committee on Graduate Studies______________________________________Dean of Graduate Studies and Research iv vAbstractDecision-support applications in medicine require patient-specific data toprovide advice in the context of clinical cases. The emergence and expansion ofon-line clinical databases provides the potential for decision-support applicationsto access patient-specific data automatically. Because the means by which dataare represented and retrieved vary widely among clinical databases, decision-support applications that automatically access patient data currently cannot beshared among health-care institutions . The goal of my research has been toovercome the representational heterogeneity of clinical databases so as to providemedical decision-support applications with a uniform interface to patient-specificdata. I developed and implemented a formal methodology, called TransFER, tobridge the representational heterogeneity of relational databases and to increasethe portability of medical decision-support applications.The TransFER methodology supports the definition of a global reference schema ofclinical information against which applications may formulate requests forpatient data. The reference schema is specified using a semantic data model,called FER, that is a hybrid of the functional data model (�F�) and the entity-relationship data model (�ER�). The FER data model includes a declarativequery language called ReFER. A formal mapping language based on the relationalalgebra allows database administrators to specify the correspondence betweenthe global reference schema and the local relational database at their site. Atranslating compiler at each site uses the encoded mappings to translateautomatically queries that are specified against the global model to semanticallyequivalent queries that can be executed by the local relational database .I implemented a prototype of this model and conducted an experiment to test thevalidity and generality of the TransFER methodology. The experiment entailedthat three groups design a relational database schema to represent a singleclinical data set and that I specify a reference schema for the same data set usingthe FER data model. My hypothesis was that the TransFER methodology couldmap the FER reference schema effectively to the three independently designed virelational database schemas and that the TransFER methodology could translateautomatically queries formulated against the reference schema to queries thatcould be executed by all three schemas relational databases. The results of theevaluation indicated that (1) the FER data model and ReFER query language arewell-suited for representing clinical database queries, (2) the mapping languageis effective at mapping FER schemas to heterogeneous relational databaseschemas, and (3) the translating compiler is capable of correctly translatingReFER queries to equivalent SQL queries. The primary shortcoming of theTransFER approach is that automatically generated query translations arecurrently less efficient than manually generated translations, but the evaluationresults indicate that formal query-optimization techniques that I have developedhold promise for eliminating this difference.

viiAcknowledgmentsThe ideas and work represented in this document would not have come aboutwithout the support of many people. My principal advisor, Russ Altman, guidedme through the most difficult parts of this undertaking with his tirelessintellectual and moral support. Russ’s many insights into my work and endlesscreative suggestions helped me turn a collection of raw ideas into a scholarlydocument. Russ’s spirited encouragement and fine sense of humor made it funto do so. I am also indebted to Jeff Ullman, who contributed significantly to thequality of the technical content of this dissertation. Professor Ullman patientlyassimilated and rigorously examined my ideas to help me place my work on aformal foundation that would have been otherwise unattainable. Mark Musen’svaluable perspectives on the fields of medical informatics and artificialintelligence encouraged me to generalize and hone my research, and ArthurKeller’s knowledge of database theory and database literature helped me placemy work in an appropriate context.Gio Wiederhold has contributed to my research ideas and my academicdevelopment from the time I began graduate school. Gio taught me much ofwhat I know about databases, provided me with generous support, and extendedme his friendship. He and Thierry Barsalou stoked my interest in databasetechnology, and their innovative work on object—relational models influenced myown research. I was also fortunate to work with Peter Ludemann, who taughtme the �art of Prolog� and saved me countless programming hours.I am grateful for the superior research environment that was available to me atthe Medical Information Sciences Program at Stanford. Through his vision andadministrative wizardry, Ted Shortliffe has developed and sustained anacademic program that has exceptionally talented people and the highestintellectual standards. I will surely miss the superb state-of-the-art computingenvironment that Tom Rindfleisch and his staff provided. My fellow studentshave been a consistent source of creative input and technical assistance,especially those who volunteered their time to design and build the databases viiithat I needed to evaluate my work: Keith Campbell, Bill Detmer, Doug Fridsma,Vatsala Sarathy, and Huma Waheed. I still owe you pizza. Blackford Middletonand Doug Owens were also instrumental in formulating the clinical queries forthe evaluation. Darlene Vian has been a dear friend and consistent supporterwho has probably helped me in ways that I don’t even know. I also appreciatethe editing talents of Lyn Dupre and Debbie Fife, who taught me to express mythoughts succinctly and to reunite my infinitives correctly.Finally, I must thank the special people in my life. I am grateful to my father forteaching me the value of hard work and perseverance. The camaraderie of MattDaley always made the good times great and the difficult times tolerable. I havealso been very lucky to have the affection and companionship of Ulrike; herpatience, warmth, and cheerfulness have sustained me much more than sheknows. And the greatest debt is to my mother, Eva, who has supported me inmany ways, unwaveringly and unconditionally, throughout my graduateeducation and always. It is to her, with great love, that I dedicate thisdissertation.

ixTable of ContentsAbstract......................................................................................................................... vAcknowledgments...................................................................................................... viiTable of Contents........................................................................................................ ixList of Tables................................................................................................................ xvList of Figures.............................................................................................................. xvii1 Database Heterogeneity and Decision Support................................................ 11.1 Expert Systems and Patient Data............................................................ 31.1.1 A case study................................................................................ 31.1.2 The data acquisition tradeoff.................................................... 51.2 Query Models............................................................................................ 61.2.1 Query-model components........................................................ 71.2.2 The query-model mismatch...................................................... 81.2.3 Bridging query models.............................................................. 91.3 Addressing the Problem: The TransFER Approach............................ 111.4 Guide to the reader................................................................................... 172 The Shoulders of Giants........................................................................................ 192.1 Terminology............................................................................................... 202.1.1 Basic definitions.......................................................................... 202.1.2 Levels of database description and data manipulation........ 212.2 Accessing Clinical Data............................................................................ 222.2.1 Clinical practice guidelines....................................................... 242.3 Clinical Data Standards............................................................................ 252.3.1 Medical data interchange standards....................................... 262.3.2 Medical knowledge-representation standards...................... 282.4 Contributions of Database and Artificial Intelligence research......... 312.4.1 Heterogeneous database systems............................................ 312.4.2 Standards for knowledge representation............................... 34 x2.4.3 Combining database and knowledge-based research.......... 392.5 Components of the Solution.................................................................... 402.5.1 An abstract data model and query language......................... 402.5.2 A Domain schema for clinical medicine................................. 422.5.3 A query-translation methodology........................................... 433 A Data Model for Resolving Heterogeneity...................................................... 493.1 Components of the TransFER Technology............................................ 493.2 The Functional—Entity—Relationship Data Model................................ 503.2.1 Constructs of the FER model.................................................... 513.2.2 Comparison to previous semantic data models.................... 563.2.3 Formal semantics of the FER data model............................... 583.3 The ReFER Query Language................................................................... 653.3.1 Desiderata.................................................................................... 653.3.2 ReFER syntax and semantics: an overview............................ 673.3.3 Declarations............................................................................... 703.3.4 Terms........................................................................................... 713.3.5 Queries without predicates....................................................... 753.3.6 Predicates.................................................................................... 763.3.7 Queries with predicates............................................................. 793.3.8 Subqueries: terms revisited...................................................... 794 An Automated Query-Translation Methodology............................................. 834.1 Framework of the Methodology............................................................. 834.1.1 A sample attribute grammar.................................................... 854.1.2 Attribute grammars for query translation.............................. 864.1.3 The extended relational algebra (ERA)................................... 904.2 Mapping FER Schemas to Relational Databases.................................. 1004.2.1 Entity-type mappings................................................................ 1044.2.2 Relationship-type mappings.................................................... 1064.3 Translating ReFER queries to SQL queries........................................... 1104.3.1 Translating to the relational algebra: an overview................ 1114.3.2 Site-independent semantic functions...................................... 1164.3.3 A sample translation.................................................................. 1224.3.4 Translating relational algebra to SQL..................................... 139 xi4.4 Optimization.............................................................................................. 1404.4.1 The theory of Project equivalence............................................. 1414.4.2 An application of project equivalence...................................... 1464.4.3 Proving correctness of the optimizations................................ 1484.4.4 The optimization theorems in practice.................................... 1564.5 Summary.................................................................................................... 1585 The Implementation and Evaluation of TransFER........................................... 1595.1 A Controlled Experiment......................................................................... 1595.2 Evaluation Criteria for TransFER Technology...................................... 1615.2.1 Automation................................................................................. 1625.2.2 Efficiency..................................................................................... 1635.2.3 Latitude........................................................................................ 1645.2.4 Performance criteria for TransFER.......................................... 1655.3 Implementation of the TransFER Methodology................................... 1675.3.1 Architecture................................................................................. 1675.3.2 Development environment....................................................... 1705.4 Structure of the Experiment..................................................................... 1715.4.1 Phase 1: Independent clinical database design..................... 1715.4.2 Phase 2: Design of the FER schema........................................ 1735.4.3 Phase 3: Formulation of clinically relevant queries............. 1745.4.4 Phase 4: Mapping the relational schemas.............................. 1755.4.5 Phase 5: Automatic translation of the ReFER queries.......... 1755.5 Results......................................................................................................... 1765.5.1 Database schema heterogeneity............................................... 1765.5.2 Latitude and declarativeness.................................................... 1785.5.3 Expressiveness and correctness............................................... 1795.5.4 Efficiency..................................................................................... 1826 Summary and Conclusions................................................................................... 1856.1 The Essence of TransFER......................................................................... 1856.2 The Meaning of the Evaluation............................................................... 1876.2.1 Latitude........................................................................................ 1886.2.2 Declarativeness........................................................................... 1886.2.3 Expressiveness............................................................................ 188 xii6.2.4 Correctness.................................................................................. 1896.2.5 Efficiency..................................................................................... 1896.2.6 Generalizing the results............................................................. 1906.3 Future Work............................................................................................... 1936.4 Conclusions................................................................................................ 194Appendix A The ERA Mapping Language........................................................... 197A.1 Context-free grammar of the ERA mapping language....................... 197A.2 A sample ERA mapping......................................................................... 200A.2.1 A sample relational database schema.................................... 200A.2.2 The ERA mapping expressions............................................... 202A.3 The Power of the ERA Mapping Language......................................... 207A.3.1 Structural Differences............................................................... 207A.3.2 Naming Differences.................................................................. 213A.3.3 Semantic Differences................................................................ 216A.3.4 Content Differences.................................................................. 220A.3.5 Summary.................................................................................... 223Appendix B The ReFER Attribute Grammar........................................................ 225B.1 The ReFER context-free grammar.......................................................... 225B.2 The ReFER attribute grammar................................................................ 227Appendix C The Evaluation Data Set.................................................................... 239C.1 Call for Participation in Experiment...................................................... 239C.2 Instructions to Database-design Teams................................................ 242C.3 The Clinical Data Set................................................................................ 245C.3.1 Patient #1: Jessica Hepburn.................................................... 245C.3.2 Patient #2: Anna Robik............................................................ 253C.3.2 Physician data............................................................................ 257Appendix D The Evaluation Databases................................................................. 259D.1 Database 1................................................................................................. 259D.1.1 Schema for database 1.............................................................. 260D.1.2 Codes for database 1................................................................. 262D.2 Database 2................................................................................................. 264D.2.1 Schema for database 2.............................................................. 264D.2.2 Codes for database 2................................................................. 267 xiiiD.3 Database 3................................................................................................. 269D.3.1 Schema for database 3.............................................................. 269D.3.2 Codes for database 3................................................................. 272Appendix E The Evaluation FER Schema............................................................. 277Appendix F The Evaluation Queries...................................................................... 285Bibliography................................................................................................................ 295 xiv xvList of Tables4.1 The operators of the extended relational algebra............................................. 925.1 Success rates for mapping the FER schema....................................................... 1785.2 The expressiveness and correctness of TransFER............................................ 1805.3 The complexity of TransFER-generated queries.............................................. 183 xvi xviiList of Figures1.1 A sample dialogue between the MYCIN system and a physician user......... 31.2 Excerpt from a HELP system program.............................................................. 41.3 The components of a query model..................................................................... 81.4 Schematic of the query-translation technology................................................ 101.5 A model for supporting automated data access and portability................... 121.6 A representative FER schema.............................................................................. 141.7 A sample query formulated in the ReFER query language............................ 141.8 Output of TransFER query translator................................................................ 162.1 A database query encoded in the Arden Syntax.............................................. 293.1 A sample FER schema.......................................................................................... 513.2 An FER schema with all relationship functions displayed............................. 553.3 Sample queries formulated in the DAPLEX and EERC languages............... 573.4 A sample database state for the FER schema in Figure 3.2............................. 614.1 An attribute grammar for addition of Roman numerals................................. 864.2 Excerpt of the attribute grammar for the ReFER query language................. 894.3 A relational table named �Doctors.�.................................................................. 944.4 A relational table generated by applying the aggregate operator................. 944.5 A relational table generated by applying the rename operator..................... 944.6 A relational table generated by applying the extend operator....................... 954.7 A relational table called �Fathers.�..................................................................... 954.8 A relational table generated by applying the join operator............................ 954.9 A hypothetical relational database schema....................................................... 994.10 A sample FER schema describing part of the clinical domain..................... 1014.11 Two relational database implementations...................................................... 1034.12 A sample FER schema describing a part of the clinical domain.................. 1224.13 A portion of the parse tree for a sample ReFER query.................................. 1234.14 Two heterogeneous relational database schemas.......................................... 1244.15 The relational algebra translations of the declaration list............................. 1264.16 The parse tree for the Predicate component of the ReFER query................ 1274.17 The relational algebra translations of the term �age-of(pt)�......................... 130 xviii4.18 The relational algebra translations for the predicate..................................... 1334.19 The parse tree for the Termlist component of a sample ReFER query........ 1334.20 The relational algebra translations of the term list......................................... 1354.21 The relational algebra translations of the range expression......................... 1384.22 The results of evaluating the relational algebra translations........................ 1394.24 A site-specific database program...................................................................... 1404.23 Two relations that are project equivalent........................................................ 1435.1 Architecture of the TransFER prototype............................................................ 1695.2 Structural differences in the representation of patient allergies.................... 177A.1 A sample FER schema......................................................................................... 200A.2 Two database schemas illustrating horizontal decompositions................... 208A.3 Two database schemas illustrating vertical decompositions........................ 209A.4 Three database schemas that model the same type hierarchy...................... 210A.5 A database schema illustrating a free-text representation of data................ 211A.6 An equivalent FER and relational schema....................................................... 213A.7 An FER schema that models admissions to a hospital................................... 214A.8 A database schema that models admissions to a hospital............................. 215A.9 An equivalent FER and relational schema with content difference............. 222

1Chapter 1Database Heterogeneityand Decision SupportThe practice of clinical medicine demands that physicians perform complexinformation-processing tasks. To care for a single patient adequately, physiciansmust assimilate a large number of patient parameters, analyze those parametersin the context of their medical knowledge, build a mental model of the patient’scondition to direct further diagnostic and treatment steps, and update this modelcontinuously as the patient parameters change. Given that a typical physiciancares for numerous patients concurrently, the information-processing demandsof clinical medicine quickly approach the limits of human cognitive abilities.Recognizing this problem, researchers in the field of medical informatics havedevoted significant effort to the development of computational tools that canassist in or assume certain of the clinical information-processing tasks andthereby extend the abilities of physicians. One variety of these tools, clinicaldecision-support (CDS) systems, assists physicians by simulating the expertise ofclinical consultants. Typically, these systems collect the clinical data associatedwith a single patient, process these data in the context of a large store of medicalknowledge, and generate a recommendation, reminder, or critique intended to

Chapter 1 Database Heterogeneity and Decision Support2enhance the patient’s clinical care. Although CDS systems vary widely withrespect to the clinical contexts in which they are useful, the types of advice theyprovide, and the technical methods they employ, all share a common feature:Just like a human clinical consultant, a CDS system must acquire the datarelevant to a specific patient before it can generate any advice. In colloquialterms, the system must first �learn the facts of the case.�The increasing prevalence of electronic medical record systems has created thepotential for CDS applications to learn the facts of a case without humanintervention. This mode of data access is often advantageous because it relievesusers from tedious data entry and allows applications to operate quickly andunobtrusively. However, the complexity and heterogeneity of electronic medicalrecord systems impedes the widespread use of CDS applications that accessclinical databases automatically. Because the schemas, vocabularies, and querylanguages of clinical databases vary significantly across healthcare facilities, onemust customize the database interfaces of CDS applications at each facility wherethe applications are deployed. The goal of my research has been to simplify andto standardize the way in which CDS systems acquire the facts of a case despitethe complexity and heterogeneity of the electronic databases that store thosefacts. By providing all CDS systems with a single model of clinical data and aprincipled way to use that model to access heterogeneous clinical databases, Ihope to eliminate the need to customize CDS applications, thereby facilitatingtheir widespread deployment.In this dissertation, I describe a novel technology that automatically translatesdatabase queries to a variety of equivalent formulations so that a single query canretrieve data directly from a variety of clinical databases. The technologyincludes an abstract database schema and a high-level query language thatallows the developers of CDS systems to formulate queries without knowing thecomplex and heterogeneous features of specific databases. The key element ofthe technology is a mapping language that allows experts at each database site toencode a formal mapping between the abstract database schema that is used byCDS-system developers and the implemented database schema that describes thelocal database. A query-translation algorithm applies the mapping toautomatically translate any query that appears in a decision-support applicationto an equivalent query that is specific to the schema, clinical vocabulary, and

Chapter 1 Database Heterogeneity and Decision Support3query language of the local database. I assert that the formal properties of thisquery-translation methodology distinguish it from existing methods forcustomizing database queries and establish it as an important new technology forsharing decision-support applications in medicine and other domains.1.1 Expert Systems and Patient DataAlthough medical informatics researchers have paid relatively little attention tothe acquisition of patient data by CDS systems, the way in which a decision-support system learns the facts of a case has significant implications for thatsystem’s acceptance as a standard clinical tool and for its portability to multipleclinical environments. A comparison of two prominent CDS systems illustratesthis point.1.1.1 A case studyThe MYCIN system [Buchanan and Shortliffe 1984] is a clinical consultation tooldesigned to assist in the diagnosis and treatment of patients with microbialinfections before definitive culture results are available. MYCIN acquires allpatient data by directly prompting the user of the system to enter specificinformation. For example, Figure 1.1 displays a sample dialogue between theMYCIN interface and a physician user.

What is the age of the patient?>

55Does the patient have a fever?>

YWhat is the morphology of the organism?> ROD ...Figure 1.1: A sample dialogue between the MYCIN system and a physician user. Eachquestion is a query posed by the MYCIN interface, and each statement (in boldface) is aresponse entered by the physician.MYCIN was designed to prompt for only those data that are contextuallyrelevant and to avoid asking for the same information twice. Nevertheless, thesystem still requires that the physician user manually enter many facts of a case;often these facts are already recorded elsewhere, perhaps even in electronic form.Although formal evaluations proved MYCIN as proficient as infectious-diseasespecialists in generating differential diagnoses and formulating treatment plans[Buchanan and Shortliffe 1984], the system was never widely used in day-to-day

Chapter 1 Database Heterogeneity and Decision Support4practice. The data-entry burden that MYCIN places on users may be partiallyresponsible for the system’s lack of acceptance.The HELP system [Kuperman, et al. 1991] is another clinical consultation tool; itis designed to identify and report aspects of a patient case that require attention,but that may be overlooked by caregivers. HELP and MYCIN differ in manyways, but one prominent distinction is that the HELP system acquires as many aspossible of the patient data it needs from an online clinical database, rather thanfrom the user. HELP collects patient data by issuing queries to which a clinicaldatabase can respond and by assigning the results of queries to internal variablesthat the HELP system can process. Figure 1.2 shows an excerpt from a HELPprogram that retrieves and subsequently processes the value of a patientparameter.

DATA:

recent_serum_sodium = Query [ last(Serum_Sodium) ]

LOGIC:

If recent_serum_sodium > 155

Then Alert_physicianFigure 1.2: Excerpt from a HELP system program. The first command instructs thesystem to retrieve the value of a patient parameter from the clinical database, and thesecond command instructs the system to compare the retrieved value to a reference valuein order to reach a medically relevant conclusion.In addition to eliminating unnecessary data reentry, automatic access to clinicaldata allows the HELP system to operate in the background, constantly assessinga patient’s condition and level of care, and appearing only when a clinicalrecommendation is warranted. Although the HELP system has been in use at theLatter-day Saints (LDS) Hospital in Salt Lake City for over 20 years, and formalevaluations have proved it effective in improving care and reducing costs[Bradshaw 1988, Evans, et al. 1990], similar systems are in place today at only ahandful of other institutions. One impediment to the dissemination of HELPtechnology is the difficulty of implementing a comprehensive clinical database.Perhaps a greater obstacle is the tremendous investment of resources required todevelop, encode, and evaluate the complex clinical criteria that systems likeHELP use to analyze patient data. This obstacle exists because the extensive set

Chapter 1 Database Heterogeneity and Decision Support5of clinical criteria implemented in the existing HELP system�despite beingencoded in small, modular units and applying general medical knowledge�cannot be shared by any other institution without significant manual translation.This lack of portability results from strong assumptions encoded into the criteriaregarding the implementation of the clinical database�assumptions currentlyrequired for HELP programs to access patient data automatically. Theseassumptions include the way the database is organized, the query language thedatabase understands, and the terms used in the database to represent patientparameters. Because the assumptions are specific to the clinical databaseimplementation at the LDS Hospital and are not likely to hold at otherinstitutions, the encoded clinical criteria cannot be used elsewhere.1.1.2 The data acquisition tradeoffMYCIN and HELP are examples of technologies that, despite extensivedevelopment and proven clinical effectiveness, have not been deployed widelydue (at least partially) to the way in which they acquire patient data. It isinstructive to note that the data-acquisition weaknesses of each system are thestrengths of its counterpart. MYCIN is less acceptable to physicians because itrequires them to reenter data that are already recorded, a flaw overcome by theHELP system through its ability to retrieve data automatically from a clinicaldatabase. The HELP system cannot be used at most institutions, however,because, in order to automatically retrieve data, it must make restrictiveassumptions about the way in which clinical databases are implemented, alimitation avoided by MYCIN through its reliance on the user for all data (whichentails the less restrictive assumptions that the �database� speaks English andunderstands medical terminology). The two systems effectively illustrate theextremes of a tradeoff: automated data acquisition versus portability.Although MYCIN and HELP have demonstrated some utility despite thelimitations imposed by this trade-off, other kinds of CDS systems may berendered completely infeasible. For example, several centralized agencies arecurrently developing standard protocols for directing cost-effective clinical care,which they intend to disseminate widely [Kelly and Swartwout 1990,VanAmringe and Shannon 1992]. Some investigators have suggested thatdecision-support systems could serve as a vehicle for the widespread distributionand unobtrusive application of these protocols [Bronzino, et al. 1989, van der Lei

Chapter 1 Database Heterogeneity and Decision Support6and Musen 1991]. Under such a model, standard protocols would be encoded ascomputer programs and downloaded from the publishing source to CDS systemsat numerous provider sites. The CDS systems would subsequently execute theprotocols based on local clinical data. Directed by the logic of a protocol, eachCDS system would access patient data from the local clinical database and use itto determine the clinical context of a patient’s case. Based on that context, thesystem would apply further protocol knowledge to generate advice regardingthe diagnostic and therapeutic steps appropriate for the case. Without both thedatabase-querying capabilities needed to establish clinical contexts automaticallyand the portability needed to implement the system at a variety of provider sites,the essential objectives of such a system would be compromised.To make feasible future systems such as the protocol-dissemination tool, as wellas to facilitate the wider use of existing systems such as MYCIN and HELP, thetrade-off between data acquisition and portability must be eliminated.Developers of decision-support systems can overcome this trade-off only bydesigning their systems to query clinical databases in a manner that isindependent of the databases’ specific implementation features. Until now,accessing clinical databases in this manner has been impossible given existingtechnology. The fictitious scenario in the following section illustrates some of thedifficulties.1.2 Query ModelsSam is a clinical protocol designer at a large research institute near Washington,D.C. He is currently working on a protocol for diagnosing and managingpatients with infectious gastroenteritis. The protocol consists of a flowchart thatsuggests diagnostic tests based on the nature and duration of symptoms, andthat recommends therapeutic interventions based on the results of thesediagnostic tests. Because all clinical protocols are distributed and applied viadecision-support systems, Sam is encoding his protocol as a computer program,using a standard programming language for representing medical decision logic.The language has been adopted universally, so that the programs he writes canbe run at any provider site in the United States, provided that the site storespatient data electronically.

Chapter 1 Database Heterogeneity and Decision Support7One part of Sam’s protocol checks whether a patient is taking antibiotics, becauseantibiotic use can predispose to gastrointestinal infections. If the patient is takingantibiotics, the protocol will recommend their discontinuation. Sam has almostcompleted this portion of the protocol and is looking forward to going home forthe evening. All that remains is the formulation of a database query to informthe protocol whether the patient is, in fact, taking any antibiotics. Sam pauses fora moment to gather his thoughts before hitting the next keystroke.1.2.1 Query-model componentsWhat does Sam need to know to formulate this simple query? The answers tothis question lie at the heart of the trade-off between data acquisition andportability. To formulate an effective query, Sam must know:1. The abstract model of data representation that applies to the clinicaldatabase (for example, can the data be thought of as represented byunstructured text files, by uniform tables, or by a tree structure?)2. The schema of the specific data that are represented in the clinicaldatabase (for example, are the names of patients and the names of themedications taken by those patients represented in a single file, whichthe query can directly access, or are they represented in different files,which the query must compare?)3. The language for specifying queries that can be processed by the clinicaldatabase (for example, does the database require low-level commandsthat instruct it precisely where to find the names of all drugs associatedwith a patient name, or can it process high-level commands that onlydescribe which patients and drugs to retrieve?)4. The format of the data that are represented in the clinical database (forexample, are the names of drugs represented as the full trade namesused by clinicians, as the abbreviated names used by the hospitalformulary, or as the numerical codes used by a national drug-codingsystem?)Together, these four components constitute the query model that is used toformulate data-retrieval requests. Informally, a query model is the model of data

Chapter 1 Database Heterogeneity and Decision Support8storage and information retrieval that is in the mind of a database programmerwhen he encodes the conceptual notion of an information request into theexecutable commands of a formal query language. Figure 1.3 illustrates thecomponents of a query model and how the components fit into a conceptualwhole.

Data ModelQueryLanguageSchemaData Format

Chapter 1 Database Heterogeneity and Decision Support9the four query model components, and translating all portions of the query suchthat the meaning of the whole was preserved. Depending on the degree ofquery-model mismatch, this process required careful, skilled, and extensivelabor. Assuming N different query models, the translation needed to beperformed N times by Sam prior to disseminating his protocol, or once at each ofN sites when Sam’s protocol was downloaded. In either case, the total workloadwas the same.1.2.3 Bridging query modelsFortunately for Sam, he is using a new technology that allows him to encodedatabase queries so that they can be translated automatically to a variety of querymodels. The technology available to Sam consists of three components:1. An abstract query model that allows clinical data requests to beformulated in a general way, independent of the implemented querymodel at any provider site2. A set of mappings that relates each element of a local implementedquery model to its counterpart in the standard abstract query model3. A translating compiler that uses the mappings to translate queriesformulated in the abstract query model to equivalent queries in a localimplemented query modelThe abstract query model comprises the same four components as shown inFigure 1.3. The mappings encode the correspondence between the abstract querymodel and a specific implemented query model. These mappings are encodedsuch that a translating compiler can use them to translate any abstract query toan equivalent implementation-specific query. Figure 1.4 illustrates how atranslating compiler uses the set of mappings to allow Sam’s protocol to retrievepatient data from an arbitrary clinical database implementation.

Chapter 1 Database Heterogeneity and Decision Support10

Chapter 1 Database Heterogeneity and Decision Support11have specified and represented mappings between the query modelimplemented at their site and the standard query model that Sam’s protocolunderstands. A translating compiler uses these machine-readable mappings totranslate his queries automatically into equivalent queries that can be executeddirectly by the local clinical database. Sam does not need to worry about how thetranslation of his specific query is performed when he writes the protocol, andthe administrators of each local database do not need to worry about how thetranslation is performed when they download the protocol. In fact, as long aseach provider site keeps its mappings up to date, Sam can write and the site candownload an arbitrary number of protocols with no additional overhead.Comfortable in this knowledge, Sam quickly encodes the antibiotic query andleaves for home.1.3 Addressing the Problem: The TransFER ApproachThe scenario described in Section 1.2.3 depends on the existence of two criticaltechnologies:1. A standard abstract query model that is sufficiently general to subsumeimplemented query models with respect to each of the query-modelcomponents, and that is sufficiently rich to include most of themodeling concepts, medical objects, and query operations needed byclinical decision-support systems2. A model and a mechanism for translating automatically queriesformulated with respect to the standard query model into queriesconsistent with an arbitrary clinical database implementation, such thatthe only inputs to the translation process are the query itself and arepresentation of the mappings between the two query modelsThe first technology allows clinical expert systems to specify the database queriesthat they require without limiting the database implementations that they canaccess. The second technology allows CDS systems to execute the databasequeries within them across environments with disparate databaseimplementations by performing automated query translation. I define thestandard query model framework as the research paradigm concerned with

Chapter 1 Database Heterogeneity and Decision Support12specifying a standard query model and with developing techniques toautomatically translate queries based on this model. The specific goals of thisframework are to develop more general and expressive abstract query modelsand more powerful query-translation methods. As these goals are realized,shared decision-support systems will be able to retrieve a wider array of patientdata automatically from a wider variety of clinical databases, and the tradeoffbetween data acquisition and portability will be gradually eliminated. Figure 1.5shows the logical conclusion of this evolution: a general technology that allowsCDS applications to access patient-specific data in a uniform way fromdisparately implemented databases.

..

Chapter 1 Database Heterogeneity and Decision Support13is not ubiquitous among existing clinical databases, I have constrained theproblem to relational databases because (1) the physical data independenceprovided by the relational model has steadily increased the use of this model incommercial database management systems, and (2) the well-studiedmathematical properties of the relational model support a formalization of thequery-translation process that is essential to its correctness and efficiency. If theTransFER methodology proves successful, I contend that nonrelational databasesites will be no worse off than they are currently with respect to sharing decision-support applications, whereas the significant and increasing number of clinicaldatabase sites that have relational interfaces will benefit substantially from theautomated query translation that TransFER provides.The TransFER methodology consists of four general components:1. A semantic data model, called FER (Functional Entity—Relationshipmodel), supports the modeling of clinical data in an abstract fashionthat can subsume many site-specific database implementations. Theformal constructs of the FER model are entity types, relationship types,relationship functions, and IS-A connections. Figure 1.6 shows arepresentative FER schema for a small subset of the clinical domain.2. A high-level query language, called ReFER, corresponds to the FERdata model and allows developers of CDS applications to specifyqueries that are independent of any site-specific databaseimplementation. A sample ReFER query appears in Figure 1.7. Notethat this query is formulated with respect to the objects of the FERschema in Figure 1.6.

Chapter 1 Database Heterogeneity and Decision Support14Figure 1.6: A representative FER schema. Boxes denote entity types; lines annotatedwith bold-faced text denote relationship types; arrows annotated with italicized textdenote relationship functions; arrows annotated with IS-A labels denote IS-A connections.

[ name-of-med(m) | (m:Antibiotics), (pt:Patient) AND

Patient-Medication(pt,m) AND identifier-of(pt) = "MRN-188640" AND startdate-of-med(m) > "1995/10/28 0800"Figure 1.7: A sample query formulated in the ReFER query language. The queryrequests all of the antibiotics prescribed to a particular patient since 8:00 a.m. on October28, 1995.3. A mapping language, called ERA (Extended Relational Algebra),applies the relational algebra to map each entity type and relationshiptype in a FER schema to a relational view over the tables and fields of animplemented database. For example, to map the FER schema of Figure1.6 to a relational database, each boxed entity type and each boldfacedrelationship type must be assigned a relational view encoded in theERA mapping language. These mapping views completely represent

Chapter 1 Database Heterogeneity and Decision Support15the correspondence between the abstract FER schema and a specificrelational implementation of it. For example, if each entity andrelationship type happens to be modeled as a separate table in therelational database, then the mapping view for each entity andrelationship type is simply the corresponding table itself:view(Medications) => table(PRESCRIPTIONS)view(Person-Identifier) => table(MEDICAL_RECORD_NUMBERS)and so forth.If there is not a one-to-one correspondence, however, the mappingexpressions must combine or decompose tables to create views thataccurately represent the intended semantics of the FER entity andrelationship types. For example, if a database contains separate tablesfor inpatient and outpatient prescriptions, the mapping view for theentity type Medications (which represents both inpatient and outpatientprescriptions) must specify a union of the inpatient and outpatienttables to create a set that contains all of the prescribed medicationsrepresented in that database:view(Medications) => table(INPATIENT_PRESCRIPTIONS)UNIONtable(OUTPATIENT_PRESCRIPTIONS)The effect of specifying a union in the view is that any ReFER query thatreferences the entity type Medications will be translated to a relationalquery that searches both the INPATIENT_PRESCRIPTIONS andOUTPATIENT_PRESCRIPTIONS tables.4. A query-translation module performs the translation of ReFER queriesby combining in a principled way the ERA mapping views thatcorrespond to the FER objects appearing in each query. For example,translation of the query in Fig. 1.7 to a site-specific relational queryentails combining the mapping views for Patient, Medications, Person-Identifier, Medication-Name, and Medication-StartDate as specified fora particular site. If the ERA mappings are correctly specified, theresulting relational expression is semantically equivalent to the input ReFER

Chapter 1 Database Heterogeneity and Decision Support16query. The translation module subsequently optimizes and translatesthe expression into a site-specific database program consisting of one ormore SQL statements. Figure 1.8 shows the automatically generatedoutput of the TransFER query translator for the query in Figure 1.7,based on a relational database schema that was used for testingpurposes.

Begin DB Program {SELECTENTITY_TYPE_NAMES.ent_type_nameFROMTherapy T1, Patient, Therapy T2, MEDICATION_CODES MC1,FER_TYPE_HIERARCHY FTH1, ENTITY_TYPE_NAMES, Therapy T3,MEDICATION_CODES MC2, FER_TYPE_HIERARCHY FTH2WHERET1.start_datetime > "1995/10/28 0800" ANDPatient.mr_number = "MRN-188640" AND(T1.mr_number = Patient.mr_number AND T1.mr_number = T3.mr_number AND T1.med_code = T3.med_code AND convert(varchar(50),T1.start_datetime) = convert(varchar(50),T3.start_datetime)) AND(T3.mr_number = T2.mr_number AND T3.med_code = T2.med_code AND convert(varchar(50),T3.start_datetime) = convert(varchar(50),T2.start_datetime)) AND(ENTITY_TYPE_NAMES.ent_type = FTH1.ent_type) AND(FTH1.desc_ent_type = MC1.ent_type) AND(MC1.med_code = T2.med_code) AND(FTH2.ent_type = "Antibiotics") AND(FTH2.desc_ent_type = MC2.ent_type) AND(MC2.med_code = T3.med_code))} End DB ProgamFigure 1.8: Output of TransFER query translator. The query shown in Figure 1.7 istranslated to this database program based on mappings specific to a relational database.The database management system of the relational database can directly execute the SQLquery produced by the translation.To summarize, sharing applications using the TransFER model entails thefollowing steps:1.A global reference schema of clinical data is specified using the FERsemantic data model. The schema represents the medical concepts andthe associations among concepts typically stored in clinical informationsystems.2.Based on the FER reference schema, local database administrators usethe ERA mapping language to specify mappings between each entity

Chapter 1 Database Heterogeneity and Decision Support17type and relationship type of the global FER schema and the relationaltables and fields of their local database schemas.3.Developers of CDS applications (for example, the authors of clinicalalert rules) formulate all data requests as ReFER queries against the FERreference schema.4.When CDS applications are distributed to local database sites, theTransFER compiler automatically applies the local ERA mappings totranslate the ReFER queries into site-specific SQL queries. Thesequeries can retrieve the appropriate data locally when the applicationsare run.In this dissertation, I formally present the elements of the TransFER methodologyand I describe an evaluation of the methodology�s practical utility. Theevaluation is based on a prototype implementation of TransFER thatautomatically translates queries formulated in the ReFER query language todatabase programs that can by executed by heterogeneous relational databases.The results of the evaluation show that TransFER is an effective realization of thestandard query model framework for databases implemented in the relationalmodel. Specifically, the evaluation shows that1.The FER data model and ReFER query language are sufficientlyexpressive to represent queries that typically appear in CDSapplications2.The ERA mapping language is sufficiently powerful to encode themappings between FER schemas and heterogeneous relational databaseimplementations3.The TransFER compiler is sufficiently robust to translate ReFER queriesinto SQL queries that are site-specific and semantically equivalent.1.4 Guide to the readerIn the remainder of this document, I describe in much more detail the researchproblem that I addressed, the query-translation methodology that I developed,and the practical evaluation that I performed.

Chapter 1 Database Heterogeneity and Decision Support18In Chapter 2, I create a framework for my research by characterizing the types ofapplications that can benefit from a standard model of database access and bydescribing previous research related to the development of such a model.Chapter 3 introduces and formally defines the semantic data model and the high-level query language that I propose as the standard model of database access forshared applications. Chapter 4 describes the formal methods that I havedeveloped to translate queries formulated with respect to the standard model ofdatabase access to equivalent queries that can retrieve data from a variety oflegacy clinical databases. In Chapter 5, I present the results of an evaluation thatI performed to assess the practical feasibility of TransFER as a model for sharingclinical decision-support applications across heterogeneous provider sites.Chapter 6 summarizes my work, discusses the implication of the evaluation, andproposes several areas of future research.

19Chapter 2The Shoulders of GiantsThe task of providing medical decision-support applications with access topatient data that are stored in disparate clinical information systems is anecessarily complex undertaking. Clinical data consist of numerous, variedpatient parameters that are richly interrelated. Clinical queries relevant todecision support may involve complicated search criteria and may returncomplex data objects. Implemented query models for clinical data vary alongseveral dimensions. In order to develop a useful standard query model formedical applications, one must accommodate the complexity and heterogeneityinherent in the electronic representation of clinical data. Doing so requires anunderstanding of previous research results in medical informatics, in databasesystems, and in artificial intelligence. My objectives in this chapter are (1) tocreate a framework for my research by characterizing the kinds of applicationsthat can benefit from it and by defining the terms and concepts that I shall use todescribe it, and (2) to review previous research from a number of disciplines thataddresses the same problems I am addressing from a different perspective or thatconstitutes a component of the solution that I propose.Section 2.1 presents a short glossary of relevant terminology that appears in theremainder of the chapter. Section 2.2 briefly reviews several classes of decision-support applications in medicine, focusing on the various ways in which theapplications acquire patient-specific data. Section 2.3 describes current researchinitiatives by the medical informatics community to standardize therepresentation of clinical data and to increase the portability of decision-supportapplications that require automated access to clinical data. Section 2.4 describescurrent research initiatives in the database and artificial intelligence communitiesthat address the issues of standardization and interoperability that are relevant to

Chapter 2 The Shoulders of Giants20medical applications, although in a domain-independent way. In Section 2.5, Ioutline the individual components required for the query model mappingtechnology that I introduced in Chapter 1, and I review previous researchrelevant to each of the components.2.1 TerminologyThe following glossary of database terms provides a reference point for furtherdiscussion. Although there may not be universal agreement regarding thedefinitions of these terms, the glossary was derived from several texts [Gardarinand Valduriez 1989, Ullman 1989, Wiederhold 1983] and represents a consensusamong several database researchers.2.1.1 Basic definitions1. Database: A large, persistent, and shared representation of the dataobjects and of the relationships among data objects that are relevant tothe functioning of some enterprise and that can be accessed by acomputer.2. Database Management System (DBMS): A software system thatreliably manages a database and provides access to large collections ofdata objects efficiently. Note that this is a very generic definition: Onemay describe everything from the Unix operating system to an object-oriented database with a natural language interface as a DBMS.3. Database System: A database and a corresponding DBMS.4. Data Model: A set of constructs with associated composition rulesused to specify the structure of and the constraints upon data in adatabase. A data model provides an abstract mathematical formalism fordescribing data, which allows users to see information not as raw bits,but in more abstract and intuitive terms.5. Data Definition Language (DDL): A specification language thatallows users to describe the data in a database using a specific datamodel. Data definition languages are used to specify database schemas(see glossary item 6).

Chapter 2 The Shoulders of Giants216. Database Schema: A complete specification of the object types relevantto an enterprise, expressed using a particular DDL. The informationcaptured in a database schema depends on features of the data model inwhich it is specified. Specifically, a database schema is not necessarily arelational database schema, but may be specified with respect to datamodels that are more or less expressive.7. Data Manipulation Language (DML): A language interface providedby the DBMS to specify operations on the database, such as queries andupdates. DMLs correspond to particular data models and, as such, mayvary in expressiveness and level of abstraction.2.1.2 Levels of database description and data manipulationDatabase systems may be described and manipulated at different levels ofabstraction. For example, a database system may have a low-level querylanguage that specifies in assembly language the physical locations of requesteddata, or a high-level query language that specifies in first order logic the abstractproperties of requested data. Different levels exist for two reasons:1. Humans and computers require different degrees of detail in describingand manipulating data.2. Higher levels of abstraction provide independence from lower-levelimplementation details that may change with time or may vary acrossdatabase systems.Four levels of database description typically exist [Batini, et al. 1992, Sheth andLarson 1990]:1. External level: A description of a subset of the database corresponding toa program’s or a user’s view of the enterprise. An external viewtypically is available to �client� applications as a circumscribed windowon the enterprise data. For example, the portion of a clinical databaseused by the pharmacy staff comprises an external-level schema of theentire clinical database.

Chapter 2 The Shoulders of Giants222. Conceptual level: An implementation-independent description of the entiredatabase corresponding to a global view of the modeled enterprise. Adatabase schema specified at the conceptual level is a conceptual schema.For example, a data description of the entire patient record specifiedusing an abstract data model would constitute a conceptual schema.Conceptual-level description hide many implementation details that areof no interest to the users of a database system.3. Logical level: An implementation-dependent description of the data thatcan serve as the interface to an operational database system. A databaseschema specified at the logical level is specific to the data model usedby the DBMS at a particular site and is called a logical schema.Importantly, a single conceptual schema may be represented by variouslogical schemas.4. Physical level: A representation-dependent description of the database thatcorresponds to the physical storage structures and access methods usedto store and manipulate data in secondary memory. Data descriptionsand data manipulations specified at the logical level typically aretranslated by the DBMS to corresponding representations andoperations at the physical level, so that they can be efficientlyimplemented and executed by the operating system.Having established these terms, I now can describe previous research in sharingdecision-support applications across heterogeneous database systems.2.2 Accessing Clinical DataA review of prominent medical expert systems developed over the past 20 yearsreveals that decision-support applications acquire patient-specific data in one offour ways:1. Via direct interaction with the user. The system prompts the user for allrelevant clinical parameters, sometimes offering synonym dictionariesand phrase-completion facilities to assist in the process. This isespecially the case for diagnostic systems that require the entry ofcomplex clinical findings. Examples of such �input-driven� systems areMYCIN [Buchanan and Shortliffe 1984]nd QMR [MILLER AND MASARIE

Chapter 2 The Shoulders of Giants231990]. A notable feature of input-driven systems is that no patient-specific data are stored between consultation sessions.2. Via the loading of special-purpose data files. The system initially capturespatient data via user interaction and stores the data in speciallyformatted files that are managed by the operating system. Duringsubsequent consultation sessions, the patient-specific files are loadedinto the memory space of the application and inference proceeds. Anexample of such a �file-driven� system is ONCOCIN [Shortliffe 1981]. Anotable feature of file-driven systems is that the stored patient datacannot be shared easily among other applications and that all queriesand updates are performed by the decision-support system.3. Via access to an online clinical database. The decision-support systemqueries a general-purpose database system that captures, stores, andretrieves clinical data. Typically, the clinical database supports anumber of enterprise-wide functions, including direct patient care,administration, and clinical research. Queries to the database areexecuted via an application programmer interface (API) that is specificto the clinical database system and that is available to all clientapplications. Examples of such �database-driven� systems are clinicalreminder and alert applications integrated with the following clinicalinformation systems: HELP [Kuperman, et al. 1991], COSTAR [Barnett,et al. 1982], TMR [Stead and Hammond 1988], and the RegenstriefMedical Record System [McDonald 1984]. A notable feature ofdatabase-driven systems is that the APIs used to access patient data arecomplex and very specific to the local clinical database implementation[Adams 1986]; as a result, decision-support applications cannot beshared across multiple databases because each database’s API issignificantly different. These applications suffer from the portabilityproblem discussed in Chapter 1.4. Via access to abstracted data sets. The system queries a longitudinaldatabase that stores clinical data abstracted from the medical recordsystems of numerous provider sites. The data usually are related to asingle clinical syndrome, such as rheumatism or coronary arterydisease. Data can be pooled from multiple sources because a common

Chapter 2 The Shoulders of Giants24set of clinical parameters and a common descriptive vocabulary arespecified a priori and are enforced during the data-abstraction process.An example of such a �databank-driven� system is ARAMIS (TheAmerican Rheumatism Association Medical Information System) [Blum1981]. A notable feature of databank-driven systems is that, althoughthey can access data that are primarily stored in a variety of medicalrecord systems (including clinical databases), the data must first beabstracted into a uniform and standard representation, a generallylaborious process.A standard query model of clinical data and an automated query translationmechanism for clinical queries would benefit decision-support systems in each ofthe four categories by providing a direct, programmatic, and uniform interface tovarious clinical database implementations. Input-driven systems could acquiredata directly from electronic medical records rather than requiring users to enterall patient parameters manually. File-driven systems could delegate certain data-manipulation tasks to database management systems, which are typicallyoptimized to perform complex operations upon large data sets. Database-drivensystems could access online databases using a standard API, facilitating theirporting to clinical environments that have different database implementations.Databank-driven systems could exploit the query translation mechanism to pooldata from disparate sources without laborious manual abstraction. In order torealize these benefits, of course, the abstract query model must be sufficientlypowerful to provide decision-support systems with access to all data that theyrequire, and the query-translation mechanism must be sufficiently sound toensure that data retrieved from different sources have the same meaning.2.2.1 Clinical practice guidelinesThere is a class of the database-driven systems that can benefit particularly froma standard query model and an automated query-translation mechanism. Thesesystems are applications that implement clinical practice guidelines. Clinicalpractice guidelines (CPGs) are systematically developed statements to guidepractitioners’ decision making in specific clinical circumstances [Field and Lohr1992]. The intent of CPGs is to improve the quality and to control the costs ofhealth care by specifying protocols for providers to follow in managing particular

Chapter 2 The Shoulders of Giants25classes of patients; protocols may include the sequence in which actions shouldbe taken and the clinical criteria for various medical interventions. Protocols canimprove the quality of care by recommending medically warranted actions thatphysicians have overlooked, and protocols can control the costs of care byadvising against medically unnecessary or inappropriate actions that physicianshave ordered. CPGs are typically formulated by central, authoritative bodiesbased on analyses of medical literature, and subsequently are made available fordistribution to practitioners. For example, the American Medical Associationrecently published a directory of 1500 CPGs developed by more than 45physician organizations and other groups [Toepp and Kuznets 1993].Observers have remarked that computer technology may play an important rolein the dissemination and implementation of CPGs by allowing CPGs to beincorporated into the routine information management tasks of physicians. Forexample, the Committee on Clinical Practice Guidelines of the Institute ofMedicine (IOM) has recommended the incorporation of CPGs into computerizeddecision aids, asserting, �Information and decision support systems are crucialelements in long-term strategies for promoting the application of guidelines. Asinformation and decision-support strategies are used in tandem with other kindsof implementation approaches, they can simultaneously present information andshape and control its uses.� [Toepp and Kuznets 1993]. As discussed in Section1.1.2, however, centrally formulated CPGs can be disseminated conveniently viacomputer applications only if the applications have both the database-queryingcapabilities needed to establish clinical contexts automatically and the portabilityneeded to implement guidelines at a variety of provider sites. The IOM hasrecognized portability as an important factor in the electronic application ofCPGs and has called for standards to permit guidelines to be used on manydifferent types of computer-based equipment and systems. The standardsidentified by the IOM include �rules of syntax, database structures, andcommunication links that support multiple settings of care� [Dick and Steen1991].2.3 Clinical Data StandardsConsistent with the needs recognized by the IOM, a number of nationalorganizations already have developed or are currently developing standards forthe representation of clinical data and decision-support knowledge. These

Chapter 2 The Shoulders of Giants26standards bodies include ASTM, HL7, IEEE and ACR/NEMA [McDonald, et al.1991]. Most standardization initiatives focus on the specification of standardmessage formats and communication protocols for the electronic interchange ofclinical data and on the development of standard programming languages for theelectronic interchange of decision-support logic.2.3.1 Medical data interchange standardsThe HL7 message standard [HL-7 Working Group 1989] specifies the syntacticstructure of ASCII messages that transmit data regarding medical events, such asadmissions, orders, and laboratory results, among clinical information systems.The HL7 standard defines the types of messages that may be transmitted, therecords that make up each message type, and the set of data elements in eachrecord. For example, the message specification for �Lab Results� consists of aheader record signifying the identity of the patient being tested, followed bymultiple detail records, each consisting of the data elements TEST NAME, TESTRESULT, and TEST RESULT UNITS. Although HL7 has been adopted by over 100commercial vendors as a standard format for the exchange of clinical data, it isstrictly a communication protocol and is inadequate as the foundation for astandard query model of clinical information. Specifically, HL7 lacks a staticconceptualization of clinical data that specifies the set of clinical data objects andthe relationships among the data objects in a manner that is independent of anydynamic data transmission [McLinden, et al. 1990]. For example, HL7 includes noexplicit representation of the relationship between a lab test order and the lab testresult corresponding to the order; HL7 only specifies the syntactic positions of the twoobjects in a transmitted message. As a result, the applications that send and receiveHL7 messages must be aware of the meanings of and the relationships amongdata objects, which creates the potential for inconsistent and incorrectinterpretations. In order to provide a uniform query interface to clinicalinformation systems, a clinical data standard must explicitly and formallyrepresent the set of data objects and the relationships among the data objects thatare represented in clinical database systems; otherwise, there is no way to ensurethat communicating applications agree upon the semantics of exchanged data.The IEEE Medical Data Interchange Standard (MEDIX) [Harrington, et al. 1990],another model for data exchange between automated healthcare systems,

Chapter 2 The Shoulders of Giants27addresses the need for a static conceptualization of clinical data by specifying areference model of the health care environment. The MEDIX reference modelprovides an object-oriented conceptual schema of clinical data objects and theirrelationships that can be used by applications to confer unique meanings totransmitted messages [Ostler, et al. 1990]. In order to provide a common schemaof clinical data across all health care systems, the reference model is specified atan abstract, implementation-independent level. For example, the objectsspecified in the reference model include patients, physicians, and servicesprovided. It is only within implemented information systems that the conceptualreference model is mapped into specific hardware and software realizations orcomputational models. The MEDIX approach to defining clinical data standardsis compatible with the requirements for application portability that werearticulated by the IOM committee on clinical practice guidelines (see Section2.2.1) because the MEDIX reference model provides a standard, abstract view ofthe structure and the meaning of clinical data that is independent of specificclinical database implementations. The encapsulation provided by the object-oriented reference model dictates that the implementation of data objects behidden from client applications and that all operations upon data objects,including queries and updates, be specified by sending messages to abstractobjects of the reference model. According to the MEDIX architecture, an �agentprocess� must exist at each database site that transforms the object-basedmessages sent to the reference model to non—object-based operations, such asSQL queries, that are supported by local database implementations. The MEDIXarchitecture represents a powerful and general step toward providing decision-support applications with uniform access to patient data across databaseimplementations. However, before application portability can be realized, theremust exist a methodology for conveniently specifying and performing thetransformation of MEDIX-level operations to local database operations. Such amethodology, which has not been addressed by the MEDIX standardscommittee, will be instrumental in providing MEDIX interfaces to disparatelyimplemented clinical databases. The development of this methodology is thefocus of my research.

Chapter 2 The Shoulders of Giants282.3.2 Medical knowledge-representation standardsIn addition to standards for the representation and communication of clinicaldata, the development of portable clinical practice guidelines requires standardsfor the representation of the medical logic that evaluates data. A recent initiativetoward standardizing the representation of medical decision-support logic is theArden Syntax [Hripcsak, et al. 1994]. The Arden Syntax is a programminglanguage that represents medical knowledge in discrete, independent programscalled Medical Logic Modules (MLMs), which query a database for relevantclinical data and subsequently process the data in order to generate advice basedon encoded medical logic. Typically, MLMs generate alerts, reminders, andcritiques for providers based on the automated recognition of noteworthypatterns in a clinical database. The paradigm of pattern recognition and alertgeneration is appropriate for implementing certain clinical practice guidelines.Although other languages exist for encoding data-driven medical knowledge[Adams 1986], these languages are specific to the particular clinical computingenvironments in which they were developed. The Arden Syntax is distinct inthat it is specifically designed with portability in mind, that is with the ability tobe implemented in numerous, diverse clinical computing environments.Portability is achieved by standardizing the constructs for representing medicallogic, such as data types and control structures, and by underspecifying theconstructs for formulating database queries, such as database structure andquery language syntax. The designers of the Arden Syntax intentionally chose tounderspecify the query constructs because, after reviewing a number of clinicalinformation systems, they concluded that no single syntax for database queriescould be devised that would be general enough to accommodate the diversity interminology, in database structure, and in query languages that exists amongclinical information systems [Hripcsak, et al. 1994]. Rather than attempting tospecify a complete query syntax, therefore, the designers of Arden specified asyntax for only those constructs determined to be common to many clinicalinformation systems. These constructs consist of aggregation operators andtemporal constraints (see Figure 2.1). The remaining constructs required tocompletely specify database queries are encoded informally at the time an MLMis authored (usually in natural language), and are implemented in a formalmanner that is consistent with the query language, database structure, and

Chapter 2 The Shoulders of Giants29medical terminology of a specific institution only later. As a result, the Ardenstandard specifies the division of queries into two disjoint components: aninstitution-specific component, which is informally specified and must bemanually translated into the formal syntax of an institution’s local querylanguage, and a more general component, which is formally specified in theArden Syntax and must be merged with the institution-specific component duringcompilation of MLMs. The syntax and semantics of the query model aredescribed elsewhere [American Society for Testing and Materials 1992].Figure 2.1 shows a database query formulated in the Arden Syntax. The query isintended to retrieve the name and dosage of the diuretic medication prescribedto a patient most recently within the last week.

(drug, dose) := readlast { select Drug_name, Drug_dosage from MEDICATIONS where Patient_name = "Williams" AND

Drug_Class = "Diuretic"

}where it occurred within the past 7 daysFigure 2.1: A database query encoded in the Arden Syntax The text appearing within thebraces represents the institution-specific component of the query, in this case specified inSQL. The boldfaced text represents the formal Arden constructs of the query, consistingof the aggregation operator �last� and the temporal constraint �where it occurred. . .�(boldfaced for clarity only).Note that, although the institution-specific component of the query in Figure 2.1is specified in SQL, this is an arbitrary (albeit convenient) notation. Anotherauthor could specify the institution-specific logic of the same query using naturallanguage or machine code. These alternative representations all would conformto the Arden standard, because the institution-specific component of a databasequery is completely outside the scope of the Arden Syntax. While this feature isan effective short-term expedient to accommodate the diverse databaseimplementations and medical vocabularies in use at various sites, an informalquery model actually compromises the portability of MLMs in the long run.Without a standard database schema and query syntax, the query model canhave no well-defined semantics. Without precise semantics, database queries are

Chapter 2 The Shoulders of Giants30interpreted subjectively at �client� institutions and may be implementedinconsistently when the queries are manually translated. A codeveloper of theArden Syntax remarked upon this difficulty following a recent experiment insharing Arden programs:�Although standards for representing clinical decision logic can be ofgreat assistance in sharing the work of many, sharing may be delayeduntil common standards exist not only in the description of the logic,but in all aspects of the medical information system� [Pryor andHripcsak 1994].Furthermore, without a standard database schema and query syntax, there canbe no formal foundation upon which to build compilers to automaticallytransform MLM queries to data-manipulation operations that can be executed bydiverse clinical information systems. Thus, although the Arden standardprovides a uniform syntax for encoding the medical logic that makes up clinicalpractice guidelines, it does not provide a uniform model of medical data thatwould allow MLMs to interface with diverse clinical information systems in aconsistent and portable manner. Until standard models of clinical data and ofclinical-data retrieval are incorporated into languages for sharing medical logic,the portability envisioned by the IOM for electronic CPGs will not be realized.As demonstrated by the advent of HL7, MEDIX, and Arden, standards bodies inmedical informatics are specifying parts of the standard environment fordeveloping portable decision-support applications, but the parts also must becoordinated and integrated before a functioning environment can exist.Specifically, standard languages for encoding decision-support logic, such as theArden Syntax, must be integrated with standard models for representing andretrieving clinical data, such as the MEDIX reference model. In addition,powerful and sound methodologies must be developed to translate automaticallystandard representations of database queries into implementation-specific queryoperations so that diverse databases sites can conveniently and cost-effectivelyintegrate portable decision-support applications into their local environments.

Chapter 2 The Shoulders of Giants312.4 Contributions of Database and Artificial Intelligence researchClinical medicine is one of many domains that will benefit from the developmentof standard representations for enterprise data and decision logic. Accordingly,domain-independent research in the fields of database systems and artificialintelligence (AI) has addressed the sharing of data and knowledge amongindependent software agents. In the field of database systems, this research hasfocused on the development of heterogeneous database systems, and in the fieldof artificial intelligence, this research has focused on the development of sharableknowledge-representation formalisms. It is instructive to review research resultsfrom both fields when evaluating the technology available to support portableknowledge-based applications in medicine.2.4.1 Heterogeneous database systemsHeterogeneous database systems (HDBSs)1 are computational models for theintegration and aggregation of data from disparately implemented databases[Sheth and Larson 1990]. For example, an HDBS might provide uniform accessto electronic patient records in a hospital computing environment that uses aMUMPS hierarchical database for storing patient demographic data and a Sybaserelational database for storing patient laboratory results. HDBSs are sometimesconfused with distributed database systems (DDBSs) because both provide aunified view of and common interface to data that is physically stored indifferent locations. However, DDBSs are much more integrated and coordinatedthan are HDBSs. Typically, the constituent databases of a DDBS implement thesame data model and query language and run the same distributed databasemanagement software. Also, the fragmentation of data in DDBSs is usuallyinduced to reap the efficiency and autonomy advantages of distributedcomputing. The constituent databases in HDBSs, in contrast, existed prior to theestablishment of the HDBS and are coordinated much more loosely. The HDBSmodel, therefore, is more applicable than the DDBS model for providing medicaldecision-support applications with a uniform interface to disparate clinical

1 The terms �heterogeneous database systems� and �federated databases� are usedsynonymously in database literature.

Chapter 2 The Shoulders of Giants32databases. Specifically, HDBSs have the following characteristics [Sheth andLarson 1990]:1. Representational heterogeneity. The constituent databases in an HDBSmay use different data models, different query languages, differentterminologies, and different schema structures to represent the samereal-world semantics. In other words, although the data stored atmultiple sites may have identical real-world semantics, the datarepresentations and the data-access methods at the sites may differ.2. Local autonomy. Each constituent database has the right to controlaccess to its own data by the HDBS and it has the ability to access andmanipulate its own data independently of the HDBS. Most decisionsregarding the representation and manipulation of data are made bylocal database administrators to accommodate local system needs (suchas functionality, performance, and cost). The membership of thedatabase in a heterogeneous database system is incidental to theprimary purpose of the database.3. Bottom-up integration. Whereas DDBSs induce the distribution of datathat were previously integrated to achieve efficiency benefits, HDBSsintegrate data that were previously distributed to achieveinteroperability benefits. Bottom-up integration implies that the HDBSmust provide an interface to diverse, preexisting information systemswithout requiring extensive modifications of preexisting software.These three features describe accurately the situation faced by developers ofportable decision-support applications that require access to clinical data atmultiple provider sites: Preexisting clinical database implementations areextremely diverse, are maintained to meet local functionality requirements, andare very costly to modify. In this environment, the goal of an HDBS is to providedatabase transparency to portable applications, that is, to provide a global andconsistent database interface for applications, as if the data were not distributedand all of the database management systems were of the same type. HDBSresearch is predicated upon the belief that heterogeneity at the level ofconstituent database systems will (and should) persist, despite standardization

Chapter 2 The Shoulders of Giants33efforts. This certainly is a realistic model for clinical databases in the UnitedStates in the foreseeable future.To provide database transparency in the face of representational heterogeneity,HDBS researchers have focused upon several research issues that are relevant tothe development of a uniform query model of clinical information. These issuesinclude:1. Common data models and common query languages. The specification of asingle data model to represent the global schema of distributed dataand of a single query language to specify site-independent operationsupon distributed data are essential to providing database transparencyto applications that use HDBSs. Experimental HDBS systems typicallyhave used simple semantic data models and set-oriented querylanguages, such as the functional model and the DAPLEX querylanguage [Smith, et al. 1986] and the entity—relationship model and theGORDAS query language [Ceri and Pelagatti 1984]. Simple datamodels that represent �atomic� facts, such as entities and therelationships among entities, are easier to translate to the more complexdata models that are implemented by constituent database systems.Set-oriented query languages, such as the relational algebra, providegreater potential for query decomposition and query optimization thanrecord-at-a-time languages, such as CODASYL. I have applied both ofthese principles in my work.2. Schema integration. Database research on integrating the schemata ofconstituent database systems into a global schema have yieldedvaluable insights into the resolution of representational heterogeneitiesamong data in different systems [Agarwal 1991, Ceri and Pelagatti1984]. Techniques for integrating inconsistent schemas have includedthe definition of auxiliary data structures to specify mappings acrossnaming conflicts or units-of-measure conflicts; these types of mappingsare a necessity for HDBSs in the clinical domain, where numerouscompeting coding schemes are used to record clinical data.3. Query translation. HDBS researchers also have explored techniques toconveniently and faithfully translate queries formulated in a global

Chapter 2 The Shoulders of Giants34data-manipulation language to equivalent queries formulated in thedata-manipulation languages of constituent databases. Thesetechniques typically use mapping information that encodes thecorrespondence between the global schema and a constituent databaseschema. For example, this technique has been used in the MULTIBASEquery translation facility [Smith, et al. 1986].4. Query optimization. Because the global data model and global data-manipulation language may be more powerful than their counterpartsin constituent database systems, additional processing that is external tothe local database system may be required to execute global queries.For example, the generalization and specialization constructs availablein the functional data model have no counterparts in the relationalmodel used by many clinical database systems. Operations toimplemente the generalization/specialization constructs must bespecified outside of the database query language and integrated withthe queries in an efficient manner. HDBS research has addressed theoptimization of such hybrid queries.Although research in heterogeneous database systems has been ongoing for overa decade and is addressing many of the issues relevant to databaseinteroperability in the medical domain, prominent standardization efforts inmedical informatics, such as the MEDIX reference model and the Arden Syntax,have not adopted explicitly the HDBS paradigm or HDBS research results. Myown research is based closely upon the results in global data-modeldevelopment, schema integration, and query translation that originated in HDBSresearch, as I describe in Section 2.5.2.4.2 Standards for knowledge representationResearchers in knowledge-based systems have recently addressed the issues ofsharing and reusing domain knowledge among knowledge-based applications toreduce the development costs of such applications [Musen 1992]. The challengesinherent in this objective and the techniques under development to achieve italso are relevant to the task of sharing decision-support applications that requireaccess to clinical databases.

Chapter 2 The Shoulders of Giants35The largest project in this field, the Knowledge-Sharing Effort (KSE), is acollaborative research project to identify and address impediments to the sharingof knowledge among applications [Fikes, et al. 1991]. The specific objective of theeffort is to find ways of preserving existing knowledge bases (KBs) so that theycan be shared, reused, and built upon by many applications. The centralproblems addressed by this research are the heterogeneity of knowledge-representation (KR) languages and the heterogeneity of domain terminologies.The heterogeneity of knowledge representation languages prevents KBs frombeing shared and reused because the syntax used to represent domainknowledge in one application environment may be completely meaninglesswithin another environment, although the semantics of the represented domainknowledge are similar. The KSE is addressing this problem in two ways: (1) thedefinition of a standard knowledge-representation language, called theKnowledge Interchange Format (KIF) [Genesereth and Fikes 1991], to encodeknowledge in an abstract, implementation-independent way; and (2) thedevelopment of tools to translate KIF knowledge bases into the knowledgerepresentation languages of various application environments [Fikes, et al. 1991].As with HDBS research, the work of the KSE is predicated upon the assumptionthat diversity among knowledge-representation languages will and shouldpersist, which implies that interoperability will depend upon techniques tofaithfully translate encoded knowledge among disparate systems.The second problem addressed by the KSE is the heterogeneity of domainterminologies. Heterogeneity among the terms used to denote and relate objectsin the domain of discourse prevents KBs from being shared and reused becausedifferent knowledge-based applications may disagree upon the meanings ofsymbols (terms) that appear in shared KBs; the applications may, therefore,interpret encoded knowledge inconsistently. The inconsistent use of a shared KBimplies that at least one application using the KB is interpreting the knowledgeincorrectly. Inconsistencies in the interpretation of shared knowledge will occurif applications associate the same term with different meanings or use differentterms to denote the same meaning. The KSE is addressing this problem bydeveloping a standard language to represent domain terminologies (that is, torepresent the set of applicable terms and their meanings) and a method oftranslating terminologies encoded in the standard language into various KR

Chapter 2 The Shoulders of Giants36languages. Also, the KSE is developing a set of tools to verify the consistencybetween the domain terminology appearing in a shared KB and the domainterminology appearing in an application that will use the shared KB [Fikes, et al.1991].Of the two problems being addressed by the KSE, the representation of domainterminologies in a standard, implementation-independent way and thetranslation of domain terminologies to specific application environments are themost relevant to the objective of providing decision-support applications with auniform interface to clinical databases. Domain terminologies for knowledge-based systems are quite similar in content and in purpose to conceptual schematafor database systems. Specifically, a domain terminology provides aconceptualization of the entities and of the relationships among the entities thatmay exist in some universe of discourse [Fikes, et al. 1991]. In the field ofartificial intelligence, such a conceptualization is called an ontology. The standardontologies envisioned by the KSE define sets of terms that denote classes,relations, functions, and object constants for some domain of discourse.Standard ontologies also include a logical axiomatization to constrain theinterpretation of the terms [Gruber 1993]. By this definition, an ontology issimilar to a query model in that both consist of the following components:1. A formal abstract model for representing the properties of objects in adomain2. A definition of the objects classes and of the relations and functions thatmay be defined over the members of those classes in a particulardomain3. A specification of the object constants that may be members of thedefined object classesIf an ontology also includes a formal query language, then the ontology isequivalent to a query model, as defined in Section 1.2.1.In the KSE, ontologies are translated from the standard ontology language,which is based on KIF, to the various KR formalisms of implemented knowledge-based environments, such as LOOM [Yen, et al. 1991]. Ostensibly, thetranslations preserve the semantics of the ontologies. Whereas the KSE is

Chapter 2 The Shoulders of Giants37interested in translating between standard domain ontologies encoded in avariant of KIF and various implemented KR formalisms, HDBS researchers areinterested in translating between standard conceptual database schemas, such asthe MEDIX reference model, and the logical databases schemas of implementeddatabase systems.Given the similarities in content and in purpose between domain ontologies andconceptual database schemata, at least two results from the KSE’s research onontologies are applicable to the development of environments for portabledecision-support applications in medicine: ontology design criteria and ontologytranslation methods.Gruber has specified a set of design criteria for ontologies that are intended tosupport knowledge sharing and interoperability based on a sharedconceptualization [Gruber 1993]:1. Clarity. An ontology should effectively communicate the intendedsemantics to humans who design applications based on the ontology.2. Coherence. An ontology should be internally consistent.3. Extensibility. An ontology should support the addition of new terms(to support the needs of a specific site or when general domainknowledge increases) without requiring revisions of the existingdefinitions (and, by implication, of applications that use thosedefinitions).4. Minimal encoding bias. An ontology should be specified at asufficiently abstract level to enable its incorporation into agents thatmay be implemented in different representation systems and styles ofrepresentation.5. Minimal ontological commitment. Because an ontology serves adifferent purpose from that of a knowledge base, it should include theminimal set of domain knowledge to support the intended knowledge-sharing activities, that is, it should make as few claims as necessaryabout the world being modeled.

Chapter 2 The Shoulders of Giants38The methods used to translate standard ontologies into the specific KRformalisms of implemented knowledge-based systems also may be applicable tothe translation of standard database queries into the specific query languages ofimplemented clinical database systems. The KSE translator operates much like astandard programming language compiler in that it has a recognition component toparse sentences based on a specification of the (standard) input grammar and ageneration component to generate translated ontological statements from theinternal representation of the input stream. Because a transformation must takeplace between the input and output ontologies, the KSE translator also has areformulation component that applies rewrite rules to an internal representation ofthe parsed input to create a new internal representation that is consistent withthe representational formalism of the desired output [Fikes, et al. 1991]. Thereformulation component is a specialized type of theorem prover that derivesoutput statements that are equivalent to the input statements, rather than impliedby them. In this sense, it is comparable to standard rewrite systems, such asattribute grammars [Knuth 1968], that apply semantic rules to generatetranslated outputs. The reformulation component is distinct from attribute-grammar methods, however, in that it is goal-directed and applies heuristics toguide the choice of rewrite rules. The reformulation process, therefore, entails asearch of the space of possible transformations to effect the desired translation,with possible backtracking. This model of ontology translation is also used bythe SIMS system [Arens, et al. 1993], a prototype heterogeneous database systemthat applies rule-based techniques to integrate database schemas and performquery translation. Attribute grammars, conversely, support the deterministicmodeling of transformation rules such that the rules always are applied in apredetermined sequence, which avoids heuristic search and backtracking. I havechosen attribute grammars as the formalism for representing and executing thetranslation of queries because deterministic modeling renders the translationprocess more efficient. However, it may be instructive later to compare theefficiency and effectiveness of the attribute-grammar and rule-based models forrewriting queries, and it may be useful to apply rule-based methods to optimizetranslated queries.

Chapter 2 The Shoulders of Giants392.4.3 Combining database and knowledge-based researchAlthough database and AI researchers often have different perspectives onsimilar problems, the challenge of providing decision-support applications witha uniform interface to diverse database systems constitutes a problem thatapplies to both research fields. The fundamental basis for this duality is the factthat database systems are knowledge-based systems: Database systemsrepresent knowledge about the world by implementing some computationalmodel that supports both the storage of data items and the description of thestored items. This definition applies equally well to what AI researchers calldomain ontologies. Sowa asserts that the primary difference betweenknowledge-based and database systems is the ratio of the number of datadescriptors to the number of stored data items: database systems store manyrepetitions of a small number of simple data types, whereas AI systems haveunique and complex descriptions for almost every data item [Sowa 1984] Ofcourse, AI systems also provide complex inference techniques that allow dataprocessing far more sophisticated than that supported by database queryengines, but the inferences performed by knowledge-based and database systemsdiffer more in sophistication than in nature; both types of systems provideinformation based on the value-added processing of data.This philosophy has motivated the development of software modules known asmediators [Wiederhold 1992]. Mediators apply database and knowledge-basedtechniques to provide interfaces between applications and sets of autonomousdatabases. Mediators apply database techniques to locate, retrieve, and integratedata from heterogeneous database systems, and mediators apply knowledge-based techniques to perform value-added abstractions and simulations based onthe retrieved data. One of the primary purposes of mediators is to insulateapplications from the complex and changing features of the databases that theyaccess. By creating a single uniform interface to multiple heterogeneousinformation sources, a mediator greatly simplifies the development ofapplications that need to access those data sources.Given the similarities between database and knowledge-based systems at afundamental level, the strategy of applying both database and knowledge-basedtechniques to mediate between applications and databases is appropriate to thecurrent objective of interoperability in medical informatics. For example, the

Chapter 2 The Shoulders of Giants40principles that AI researchers are discovering for the specification of robustsharable ontologies and the reasoning tools that AI researchers are developingfor the validation of domain ontologies certainly are applicable to thedevelopment of a standard conceptual schema of clinical data, such as theMEDIX reference model. Also, the techniques developed by databaseresearchers for the resolution of semantic discrepancies among databaseschemata and for the optimization of queries that are distributed amongheterogeneous systems certainly are applicable to the development andimplementation of portable languages for the representation of decision-supportlogic, such as the Arden Syntax. Because the task of providing medical decision-support applications with access to patient data that is stored in disparate clinicalinformation systems is a necessarily complex undertaking, sound research resultsfrom all applicable fields should be brought to bear upon it. The result of thisapproach will be a clinical information mediator that applies database and AItechniques to insulate CDS applications from the heterogeneities andcomplexities of clinical database systems.2.5 Components of the SolutionThe technology that I propose to provide decision-support applications withaccess to patient data in heterogeneous clinical information systems consists of astandard abstract query model of clinical information and a means to translatestandard abstract queries to implementation-specific operations. Previousresearch exists relating to each component of this strategy: An abstract datamodel and corresponding query language, a standard schema of clinicalinformation represented in the abstract data model, and a means of translatingqueries against the standard schema to queries that can execute against diverseclinical databases. My work is based upon certain results of this past research.2.5.1 An abstract data model and query languageAs shown by HDBS research, database interoperability requires the use of acommon data model that is sufficiently simple and abstract to translateconveniently to various implemented data models and a corresponding querylanguage that can be used to formulate queries at an equally abstract level.Semantic data models [Hull and King 1987, Peckham and Maryanski 1988] provideappropriately abstract conceptualizations of domain data that can serve as

Chapter 2 The Shoulders of Giants41common modeling environments for disparately implemented databases.Although semantic data models (SDMs) have been traditionally used fordatabase design because they provide more powerful abstractions for thespecification of database schemas than are supported by the relational,hierarchical, and network models, the abstract and expressive modelingconstructs of SDMs also are well suited for the specification of conceptualschemas (see Section 2.1) that model domain data in an implementation-independent way. Most SDMs provide the following abstractions:1. Classification: The designation of individual objects as members of anabstract object class. For example, the classification of several personsas members of the class �Patient.�2. Aggregation: The designation of multiple object classes as componentsof a more abstract object class. For example, the aggregation of theclasses �Sodium test result� and �Potassium test result� to form theclass �Electrolyte test results.�3. Generalization: The designation of one object class as the supertype ofanother object class. For example, the generalization that the objectclass �person� is a supertype of the object classes �Patient� and�Physician.�4. Association: The designation of individual objects as participants in anabstract object that denotes a relationship. For example, the associationof two persons such that one is the physician of the other.The best-known examples of SDMs are the entity—relationshp (ER) model [Chen1976], including numerous variations of it [Elmasri, et al. 1985, Engels, et al.1992], and the functional data model [Shipman 1981, Wilkinson, et al. 1989].Other SDMs include extended relational models [Codd 1979, Elmasri andWiederhold 1979], and data models based on semantic networks [Mylopoulos, etal. 1980, Sowa 1984]. I have based the conceptual model that I use on both the ERmodel and the functional model, combining the desirable features of each. Idescribe the features of this hybrid data model in Chapter 3.The SDMs suited for supporting database interoperability have correspondinghigh-level query languages, because a query language is necessary to provide an

Chapter 2 The Shoulders of Giants42operational interface to a variety of database systems. The functional data modeland the entity—relationshp data model used in the HDBS research projectsdescribed in Section 2.4.1 both provide corresponding query languages and werelikely selected as common data models for that reason. A third candidate is theconceptual graph (CG) data model, which also has its own query language.Although CGs have not yet been used as the conceptual data model inexperimental heterogeneous database systems, they were recently approved byan ANSI standards committee as the normative modeling language for theInformation Resource Dictionary System (IRDS) [ANSI-X3H4 1993]. The IRDS isa modeling environment that describes and manages an organization’sinformation system resources and supports the integration of an enterprise’sinformation environment and information models. As such, the IRDS separatesthe conceptual view of information (its meaning) from the way in whichinformation is represented, stored, and processed, so that it can be used andapplied in many different ways. Because the use of CGs in this capacity is quitenew and yet to be proven, I have chosen to base my abstract query model on theentity—relationshp model and the functional model.2.5.2 A Domain schema for clinical medicineThe specification of a standard query model for clinical information requires thata standard schema of medical data be specified using the chosen conceptual datamodeling environment. Although numerous groups are currently pursuing thespecification of a standard conceptual schema for clinical data, no such schemahas yet emerged in the public domain. The MEDIX reference model described inSection 2.3.1 has yet to be published as a national standard. Although theComputerized Patient Record Institute (CPRI) has called for the specification of acomposite clinical data dictionary to support clinical database interoperability,the CPRI is currently developing no such reference model of its own. Anindependent group of medical informatics researchers recently convened tobegin work on a �standard canonical scheme of medical concept representations�[Evans, et al. 1994], but the work of the �Canon� group is still very nascent and isprimarily oriented towards standardizing medical terminology rather thanmedical database schemas. Numerous proprietary efforts to define globalconceptual schemas for clinical data also are under way, but these are not likelyto be useful in supporting widespread interoperability among clinical databases

Chapter 2 The Shoulders of Giants43unless they are published and accepted as public-domain standards. In short,there currently exists no comprehensive and publicly available schema of clinicalinformation encoded in any modeling environment that could serve as the globalschema in a standard query model for clinical medicine. The definition of aglobal schema for sharing decision-support applications, therefore, will have toproceed de novo; however, the process will be unhindered by the preexistence ofa global schema that has been widely adopted but may be inadequate for thepurposes of sharing applications (because it violates Gruber�s criteria for sharedontologies, for example).2.5.3 A query-translation methodologyAn abstract data model and a standard global schema of clinical data are onlypart of the solution for providing applications with a uniform interface to clinicaldatabases. The other part involves �operationalizing� the global schema suchthat queries issued against it can retrieve patient data that is physically stored inheterogeneous database systems. Unless the implementation of clinicaldatabases is standardized, which is unlikely and may be undesirable, sometransformation must take place between the abstract query model against whichthe queries of shared applications are formulated and the local query models inwhich clinical data actually are stored. The transformation may take one of twoforms: data translation or query translation. Although I have chosen to pursuethe strategy of query translation, I discuss both strategies for purposes ofcomparison.2.5.3.1 User-mediated translationIn order to appreciate at a higher level of abstraction the data-translation andquery-translation strategies that I will describe, it is instructive to consider howshared applications that require patient data achieve widespread portabilitytoday. The prevailing model entails the manual translation of patient data and ofapplication queries by end users. In this paradigm, used by decision-supportsystems like MYCIN and QMR, the �global schema� of clinical information is theinformal mental model of medicine shared by all professionally trained users.Applications issue queries against this �schema� by formulating questions in thecorresponding �query language,� English (presumed to be supported at everysite). The �query engine� consists of a human end user, who services queries in

Chapter 2 The Shoulders of Giants44one of two ways. If the requested data have already been translated by the userfrom its original representation in the patient chart to its �global conceptual�representation in the user’s mind (that is, if the user �knows� the information),the query engine can respond to the query directly and immediately. This modeof query response involves data translation from the stored data format (thepatient chart) to the shared data format (the user’s mental model) prior toconsideration of any queries.Alternatively, if the data is not already known to the user, the English querymust be translated into a search strategy against the patient chart to locate thedata and to respond to the query. This mode of query response involves querytranslation from the shared formulation (an English question) to a formulationrelevant to the stored format (a search procedure in the chart). These twomethods of manually servicing portable queries are analogous to the data-translation and query-translation strategies that must be formalized in acomputational model to automatically service queries with minimal humanintervention.2.5.3.2 Translation of dataData translation involves the transformation of data from the various nativeformats in which they may be collected and stored to a common shared format inwhich they can be queried by portable applications. Data translation may takeplace manually or automatically. Manual data translation requires medicalrecords personnel to manually abstract patient records into a format consistentwith a standard clinical data set and with a standard coding scheme. The datathat are manually �normalized� in this way are subsequently entered into astandard centralized database and all applications that require clinical data querythis database. This is the model that many large clinical data banks, such asARAMIS, employ for aggregating data from multiple sites. Although thismethod could be applied to normalize data into a standard format that portableapplications can query, the costs and time requirements of manually translatingeach collected datum from a stored format to the shared format are too great toaccommodate many decision-support applications.An alternative method for translating data is to develop computer programs(often called �geteways�) that algorithmically translate data from the stored

Chapter 2 The Shoulders of Giants45format in which they are captured to a shared format in which they can beaccessed by portable applications. Gateways may convert data directly to theshared format [Marrs, et al. 1994], or they may translate the data first to an�interchange� format (such as HL7 [Rishel 1989]) that is standard across databaseimplementations and that subsequently can be translated to the shared format.Although automating data translation reduces the costs and delay of translatingdata, this strategy still suffers from two problems. First, data translation entailsthe duplicate storage of data in both the original and the shared format, whichincreases both the cost of operating an information system and the chances ofcompromising data integrity. Second, the correspondence between the storedformat and the shared format is represented only in the encoded algorithms ofthe translating programs, and this �procedural� representation is difficult toinspect, validate, and maintain. A procedural representation of thecorrespondence between disparate data formats increases the chances ofincorrectly translating complex medical data and increases the costs of updatingthe translation algorithms.2.5.6.3 Translation of queriesThe alternative strategy for providing a common query interface to disparatelystored data is to translate the queries rather than the data. This model entails thetranslation of queries that are issued against the shared format to equivalentqueries that can be executed against the stored format. Again, query translationcan be implemented either manually or automatically.Manual query translation requires that database programmers reformulate eachquery represented in a portable application into an equivalent query that isconsistent with the database system at their provider site. The programmersperform the translation based on their interpretation of the meaning of theoriginal query and on their understanding of the meaning of the locally storeddata. Manual query translation is the method proposed for sharing databasequeries that appear in medical logic modules encoded in the Arden Syntax[Hripcsak, et al. 1990]. The problems inherent in this method of query translationinclude the effort required to perform the translation and the potential forsemantic errors introduced by the translation. Because there is no formalstandard model of clinical data and because the structure of clinical databases iscomplex and highly variable, considerable effort is required to understand the

Chapter 2 The Shoulders of Giants46meaning of a shared query and to implement the same meaning with respect to alocal database environment [Hripcsak 1994, Pryor and Hripcsak 1994].Automated translation of queries provides, in theory, the opportunity to remedythe deficiencies of manual query translation. Automated query translationrequires that programmers represent only a mapping between the shared dataformat and their local data format. A query-translation and query-executionengine uses the mapping to automatically reformulate each query into anequivalent local query and to execute the local query. This strategy requires lessmanual effort and allows the systematic representation and application ofmappings between query models. I base my approach to providing a uniformquery interface to disparate clinical databases on this strategy, and I discuss twovariations of the strategy that appear in current research systems and that haveinfluenced my work.1. Automated query translation based on canonical mappings. In this method, anentity—relationshp (ER) schema initially is designed and then algorithmicallytransformed into a corresponding relational schema, based on a unique andcanonical set of schema transformations. Queries issued against the ER schemaare automatically translated to equivalent relational queries by a compiler thatperforms query transformations based on the canonical mappings. Essentially,the mapping between any ER schema and its corresponding relational schema ishard-coded into the translating compiler. This method is used by twoindependent research groups to translate queries from an ER-based querylanguage to an equivalent relational form [Hohenstein 1990, Markowitz andShoshani 1993]. The advantage of automatically translating queries based oncanonical mappings is that the mappings and the corresponding query-translationalgorithm may be readily formalized and validated because they are invariable,regardless of the specification of the ER schema. One of the research groups[Hohenstein and Engels 1990] formally models the translation algorithm as anattribute grammar [Knuth 1968], which constitutes a declarative representationof the translation algorithm that can be formalized and validated.The disadvantage of query translation based on canonical mappings between anER schema and a relational schema is that it precludes the use of a single ERschema as an interface to different legacy databases; the structure of the legacydatabases will not conform, in most cases, to the canonical structure required by

Chapter 2 The Shoulders of Giants47the query-translation algorithm. The missing element is a flexible means ofrepresenting the mapping between a conceptual schema and a relational schema,such that the mapping may be both validated and used to drive querytranslations. Although I have borrowed the technique of representing mappingsin an attribute grammar, I have enhanced it to be more flexible and to supportvarious relational implementations of a single conceptual schema.2. Automated query translation based on procedural mappings. In this method, themappings between the conceptual database schema and various underlyingdatabase implementations are represented as procedural functions thatphysically import objects stored in underlying databases into correspondingobjects stored in the conceptual environment, where they may be manipulatedfurther as part of query processing. This approach characterizes the database-integration strategy of the Physician Workstation project at Hewlett-PackardLaboratories [Annevelink, et al. 1992]. This strategy is effectively a hybrid of thedata-translation and the query-translation strategies: Procedural functionstranslate and import data from a stored format into the shared format, but thefunctions are only invoked when queries require data that the functions provide.Also, the mapping functions may specify that the underlying database not onlyretrieve requested objects, but also apply certain of the data operations includedin conceptual-level queries (such as filtering results). Currently, the scope ofoperations that can be specified in this way is limited.The advantage of query translation based on procedural mappings as opposed tocanonical mappings is that procedurally specified mappings can accommodate awide range of legacy database implementations and are not confined to�canonically� implemented versions of the conceptual schema. Thedisadvantage of this approach is that the query engine cannot perform certainoptimizations because the mappings between query models are specified asprocedural functions that cannot be decomposed, reordered, and recombined toachieve maximum efficiency [Annevelink, et al. 1992]. To maximize the potentialfor optimization, a declarative representation of query-model mappings isnecessary. Because a query optimizer can inspect and manipulate declarativemappings based on an encoded understanding of the operations within themappings, the optimizer can apply information about the semantics of the data,

Chapter 2 The Shoulders of Giants48the state of the database, and the capabilities of the DBMS to determine anoptimal sequence and allocation of the operations.Although experimental methods exist for automatically translating queries froma semantic data model to a relational data model, none of these methods can mapa single schema of clinical information to various legacy databases and use themappings to generate optimized queries. Because portable decision-supportapplications require these features, I have borrowed from and enhanced theexisting methods to develop a model of query translation that can deliver theneeded functionality. I describe this methodology in the following two chapters.

49Chapter 3A Data Model forBridging HeterogeneityIn Chapter 1, I discussed the need for a database technology that providesmedical decision-support applications with automated access to clinical data in amanner that does not compromise the applications’ portability across providersites. I asserted that the technology must consist of an abstract query model anda general method to translate queries to a variety of clinical databaseimplementations. In Chapter 2, I reviewed previous research related to thedevelopment of an abstract query model and a general query-translation method,and concluded that no existing database technology fully meets the needsdiscussed in Chapter 1, although several components of the solution are in place.3.1 Components of the TransFER TechnologyIn this chapter and the next chapter, I describe a novel technology, TransFER, forsupporting the data-access needs of medical applications across heterogeneousdatabase systems. TransFER combines and builds on previous research results insemantic data modeling and query-transformation techniques and comprisesseveral components. In Section 3.2, I introduce and formalize a semantic datamodel, called FER, that combines the features of the functional (F) and the entity-relationship (ER) models. I use the FER data model to represent the contents ofdifferent relational databases in a uniform way. In Section 3.3, I discuss a high-level query language for the FER model, called ReFER, that is based on thedomain calculus. I use ReFER to represent queries against different relationaldatabases in a uniform way. I posit that the FER data model and the ReFERquery language can serve as the foundations of a standard query model forclinical medicine, the FER query model. In Chapter 4, I describe a formal

Chapter 3 A Data Model for Bridging Heterogeneity50methodology for translating queries formulated in the abstract FER query modelinto queries that can be executed by disparate relational databaseimplementations. The translation methodology uses a language that is based onthe relational algebra to represent mappings between constructs of the FER querymodel and the corresponding constructs of an implemented query model. Themappings constitute part of an attribute grammar that formally specifies thetranslation of ReFER queries. The implementation of the attribute grammarperforms translations of ReFER queries automatically.3.2 The Functional—Entity—Relationship Data ModelAny abstract query model for clinical medicine must be based on an abstractmodel of data. The features of the data model are critical because they largelydetermine the kinds of information that can be represented conveniently, thesemantic level at which queries can be formulated, and the range of implementeddatabase environments to which queries can be exported. To address theshortcomings of existing data models with respect to these features, I havedeveloped a data model that combines the modeling constructs of the functionalmodel [Shipman 1981] and the extended entity—relationship model [Engels, et al.1992]. The new data model, called FER, seeks to support concurrently the data-access needs and portability requirements of medical applications by meetingtwo important design criteria:1. Expressiveness: The constructs of the data model should allow theschematic description of all relevant medical data in a clear andintuitive way. Although �intuitiveness� is a subjective criterion, itimplies a correspondence between machine-readable descriptions ofstored medical data and human cognitive models of medicalinformation [Sowa 1984]. Operationally, an expressive data modelallows the representation of familiar semantic concepts without the useof abstruse modeling constructs. Expressiveness is an important featureof a standard query model for clinical medicine, because it allows alarge and diverse population of application developers to understandand use the query model without extensive training.2. Abstractness: The constructs of the data model should be sufficientlygeneral to allow a reference schema encoded in the data model to

Chapter 3 A Data Model for Bridging Heterogeneity51subsume the heterogeneous relational database implementations thatmay be used to store and manipulate clinical data at provider sites.Site-specific database implementations may vary in terms of table andfield names, schema structure, vocabulary standards, data semantics,and dialects of SQL. Abstractness is an important criterion because itallows the standard query model of clinical information to represent thecontents of legacy clinical databases that have been implemented insignificantly different ways due to local modeling decisions, productavailability, and performance exigencies.3.2.1 Constructs of the FER modelConsistent with the design goal of abstractness, the FER model includes aminimal set of high-level data-modeling constructs. In this section, I introducethe FER data model informally, referring to the hypothetical FER schema inFigures 3.1 and 3.2 where appropriate. I describe the FER model formally inSection 3.2.3.The FER data model consists of five primary constructs and two derivedconstructs. The primary constructs of the model are Entity Types, Entities,Relationship Types, Relationships, and IS-A Connections.Figure 3.1: A sample FER schema Boxes denotes Entity Types; lines annotated by bold-faced text denote Relationship types; arrows annotated by �IS-A� labels denote IS-AConnections.

Chapter 3 A Data Model for Bridging Heterogeneity521. Entity Types: Entity types denote sets of objects in the domain ofdiscourse. An FER schema may describe entity types by specifying theassociations that the members of those types may have with members ofother entity types. For example, the Lab_Tests entity type in the schemaof Figure 3.1 denotes the set of clinical laboratory tests. The schemaspecifies that members of the entity type Lab_Tests may be associatedwith members of the entity type Real via the Lab-Value association, andwith members of the entity type Patients via the Patient-Lab association.In addition to the user-defined entity types defined for a particular FERschema (such as Person, Patient, and Lab_Tests in Figure 3.1) there arefour built-in entity types: String, Integer, Real, and Datetime. Themember objects of the built-in entity types are infinite and immutable,whereas the member objects of the user-defined entity type are finiteand determined by the state of a database.2. Entities: Entities denote individual objects in the domain of discourse.The FER model adopts an object-oriented perspective of entities, so thatentities are characterized completely by their unique identifiers. Thisproperty implies that identifiers distinguish entities that may beidentical in terms of the other entities with which they are associated.Examples of entities consistent with the schema of Figure 3.1 includethe physician Jonas Salk, the lab test Serum_Sodium_#135579, and theinteger 7.3. Relationship Types: Relationship types denote and describe sets ofbinary associations between members of entity types (that is, betweenentities). A relationship type describes a set of associations byspecifying the pair of entity types to which the associated entitiesbelong. For example, the FER relationship type Lab-Value in Figure 3.1describes a set of associations between Lab_Tests entities and Realentities. The relationship type of the FER model differs from therelationship construct of most ER models in two ways. First, FERrelationship types may themselves participate in other FER relationshiptypes. For example, in Figure 3.1, MD-Patient denotes a relationshiptype that associates members of the Patient entity type with members ofthe Physician entity type; MD-Patient also itself participates in a

Chapter 3 A Data Model for Bridging Heterogeneity53relationship type named �Association-Form� with the String entitytype. The semantics of Association-Form are that the associationbetween a physician and a patient constitutes a domain objectrepresenting a physician-patient relationship (in the colloquial meaningof the term �relationship�); in each such relationship, the physician mayassume the role of an �attending� physician or a �consulting�physician. Because a physician may be an attending physician for onepatient and a consulting physician for another, the association formmust be specific to a physician-patient relationship rather than to aphysician. Allowing relationship types to participate in relationshiptypes in this way enhances the expressiveness of the data model. Theother way in which FER relationship types are distinct from those of theER model is that the FER relationship type construct subsumes therelationship construct and the attribute construct of the ER model. InFigure 3.1, for example, the association between a Lab_Tests entity andthe value of that lab test (an instance of Real) is modeled as arelationship type, rather than as an integer-valued attribute. It is likelythat the value of a lab test would be modeled as an attribute in an ERschema. The FER model has no separate construct for modelingattributes; the model provides only the relationship type as a means formodeling both relationships and attributes.4. Relationships: Relationships denote instances of associations betweenentities. Relationships also are characterized completely by a uniqueidentifier and distinguished from each other on the basis of theidentifier alone. Examples of relationships consistent with the schemaof Figure 3.1 include the Person-Last_Name relationship <SSN138-58-4432,�Connors�> and the Lab-Value relationship<Serum_Sodium_#135579, 142.0>.5. IS-A Connections: IS-A connections relate pairs of entity types anddenote the semantics of generalization and specialization. In the FERmodel, IS-A semantics imply set subsumption and relationshipinheritance. For example, in the schema of Figure 3.1, the IS-Aconnection between the Lab_Tests entity type and the Electrolytes entitytype implies that each member of Electrolytes is also a member of

Chapter 3 A Data Model for Bridging Heterogeneity54Lab_Tests and that the entity type Electrolytes inherits all relationshiptypes in which Lab_Tests participates (specifically, Patient-Lab and Lab-Value).The derived constructs of the FER model are Relationship Functions andRelationship Predicates.1. Relationship Functions: Relationship functions are operationalconstructs for mapping across FER relationship types. Whereasrelationship types represent static bi-directional associations betweenmembers of entity types, Relationship Functions provide operationalunidirectional mappings from the members of one entity type to the setof associated members of another entity type. Each binary relationshiptype in an FER schema defines a pair of relationship functions. Figure3.2 shows the schema of Figure 3.1 with all relationship functionsdisplayed. For example, the relationship type Patient-Lab defines thepair of relationship functions: lab-of: Patient fi Lab_Tests patient-with-lab: Lab_Tests fi Patient. Subtypes specified by the IS-A connection inherit each of therelationship functions of their supertypes. For example, therelationship function �value-of� may be applied to a member of theentity type Electrolytes because Electrolytes is a subtype of the entitytype Lab_Tests.

Chapter 3 A Data Model for Bridging Heterogeneity55Figure 3.2: An FER schema with all relationship functions displayed. FER relationshipfunctions are denoted by arrows annotated with italicized text.2. Relationship Predicates: Relationship predicates are operationalconstructs for testing whether a pair of entities are associated by somemember of a specified relationship type. Each binary relationship typein an FER schema defines a binary predicate of the same name. Forexample, the relationship type Lab-Value defines the binaryrelationship predicateLab-Value: Lab_Tests · Real fi Boolean.For example, if the relationship <Serum_Sodium_#135579, 142.0> existsas an instance of the relationship type Lab-Value, then the followingpredicate evaluates to the Boolean TRUE:Lab-Value( Serum_Sodium_#135579, 142.0 ).Subtypes specified by the IS-A connection inherit each of therelationship predicates of their supertypes. For example, therelationship predicate �Person-Last_Name� may be applied to a pair ofentities of the entity types Patient and String because Patient is asubtype of the entity type Person.

Chapter 3 A Data Model for Bridging Heterogeneity56Because all relationship functions and relationship predicates are derived from aspecified relationship type, they need not be strictly among the minimal set ofFER modeling constructs. However, relationship functions and relationshippredicates figure prominently in the FER query language and are among theprimary constructs of the functional model, from which the FER model derives. Ihave, therefore, included them among the core set of FER modeling constructs.3.2.2 Comparison to previous semantic data modelsThe FER model is a hybrid of two similar semantic data models, the functionalmodel (FM) [Shipman 1981] and the extended entity-relationship model (EERM)[Hohenstein and Gogolla 1989]. I selected these models as the precursors of theFER model because they both possess features consistent with the design criteriaof an abstract data model for clinical information.Both models consist of a small set of abstract modeling constructs. Theconstructs of FM include only types, entities, and functions, whereas the constructsof EERM consist of entity types, relationship types, instances of entity types andrelationship types, and attributes. Both models support the description of data inan implementation-independent way by suppressing operational details such asthe types of identifiers used to distinguish objects or the data structures used toassociate objects. FM and EERM also both support the inheritance of functionsand relationships (respectively) by subsumed types and entity types(respectively).Both models include query languages that combine the features of declarativeset-based data-manipulation languages, such as SQL, with functional expression-based languages, such as LISP. The query language for the EERM is called theEER calculus (EERC) and the query language for the FM is called DAPLEX. Thedetailed syntax and semantics of DAPLEX and the EERC are described elsewhere[Hohenstein and Engels 1990, Shipman 1981]. The example queries in Figure 3.3provide an introduction to the syntax and semantics of each query language.Both queries in Figure 3.3 are intended to retrieve the names of all patientstreated by a physician who is the same age as the patient. Note that DAPLEXand the EERC both rely on function applications to navigate between associatedentities. For example, the navigation from Physician to Patient is accomplishedvia the function application �Physician-Of(Patient)� in DAPLEX. Functional

Chapter 3 A Data Model for Bridging Heterogeneity57navigation obviates the need for users to specify complex join expressions basedon the identifying attributes of entities, and thereby increases the intuitiveness ofboth query languages. Also, DAPLEX and EERC queries specify declarativelythe target entities to be retrieved rather than specifying procedures to retrievethem. Declarative query formulation allows underlying implementations tostructure and manipulate data in a variety of ways, thereby increasing theabstractness of both query languages.

DAPLEX

EERC

Figure 3.3: Sample queries formulated in the DAPLEX and EERC languages.Although both the FM and EER possess desirable features, neither is sufficientlyexpressive and abstract on its own to serve as the data model for a site-independent query model. Specifically, each model has the followinginadequacies:1. The EERM makes a precise distinction between relationships andattributes, specifying that relationships associate instances of entitytypes with instances of other entity types, whereas attributes associateinstances of entity types with instances of data types (such as String,Integer, and Real). The distinction implies that entity types areimplemented by separate tables in the underlying relationalrepresentation, whereas data types are implemented as fields in tables.For example, an EER schema might specify that Lab_Tests areassociated with Patients via a relationship because Patients are likely tobe stored in a separate table, but Lab_Tests are associated with theirvalues via an attribute because values are likely to be stored in a field.However, committing to a relational representation at the time a global

Chapter 3 A Data Model for Bridging Heterogeneity58schema is specified is undesirable for an abstract conceptual model,because underlying implementations may vary in their representations.Therefore, the FER model adopts the approach of the functional modeland represents all associations using a single construct � therelationship type.2. The FM makes a precise distinction between types and functions,specifying that types denote sets of entities, the properties of which aredescribed by functions, whereas functions denote featureless operationsthat return the properties of entities. The minimal nature of theseconstructs creates difficulties when modeling certain real-worldsemantics because the association between an entity and one of itsproperties may itself have a property. For example, the �diagnosis�association between a patient and a disease may have a diagnosingphysician associated with it. The FM cannot simultaneously model�diagnosis� as a function that returns the diseases associated with apatient and as an entity that is itself associated with a physician.Typically, FM schemas circumvent this inadequacy by modelingassociations such as �diagnosis� as types, thereby losing the semanticsthat �diagnosis� also represents an association. This modeling decisionalso sacrifices the ability to use �diagnosis� as a function in FM queries.Therefore, the FER model adopts the approach of the EER model andrepresents associations as relationship types, which both may have theirown properties and define relationship functions that may be used inFER queries. This dual role of relationship types as associations and asentities proves particularly useful for modeling the temporal semanticsof clinical data, because the ability to ascribe properties to relationshiptypes allows all associations to be attributed with temporal tags.3.2.3 Formal semantics of the FER data modelAlthough the modeling constructs of the FER data model are intended to beintuitive and clear, it is useful to specify formally each construct, so that themeanings of FER schemas and operations on FER schemas are unambiguous. Inthe following sections, I formally specify the semantics of entity types, IS-A

Chapter 3 A Data Model for Bridging Heterogeneity59connections, relationship types, relationship functions, and relationshippredicates.3.2.3.1 Entity types and entitiesGiven an FER schema and a database state, each user-defined entity type �E� inthe schema defines a set E = { e1,..., en}, where each ei , 1 £ i £ n, represents aunique object in the domain of discourse. The objects e1,..., en are called entities.For notational convenience, I will henceforth refer to both the entity type �E� andthe set of entities E using the (unquoted) symbol E. For example, in Figure 3.1,the entity type Patient defines the set Patient, which contains all of the entitiesrepresented in a particular database that are patients. The FER data modeldefines two varieties of entity types � user-defined entity types and built-inentity types. User-defined entity types represent finite sets of arbitrary objects;the membership of user-defined entity types may change depending on the stateof a database. The built-in entity types are Integer, Real, String, and Datetime.Each built-in entity type defines a set of entities that is infinite and independentof the state of the database:Integer: the set of integers; for example, 44456, -55, 0Real: the set of real numbers; for example, 56.0, -0.0006, 789.3String: the set of character strings consisting of zero or more ASCII characters; for example, �Jim�, �, �%%%**$-U�Datetime: the set of temporal denotations of the form �YYYY/MM/DD HHMM� in which HHMM represents military (24 hour) time; for example, �1995/03/15 1730�3.2.3.2 IS-A connectionsUser-defined entity types may be related by the binary relation IS-A. Thesemantics of the IS-A relation over two entity types, E and E’, are that E’ subsumesE. More precisely,IS-A( E, E� ) � if e ˛ E, then e ˛ E� .

Chapter 3 A Data Model for Bridging Heterogeneity60Notice that the semantics of the IS-A relation are transitive, owing to thetransitivity of set membership. I define the binary relation SUBTYPE(E, E�) todenote the existence of a chain of one or more IS-A connections from E to E’. Thetransitivity of the IS-A relation impliesSUBTYPE(E, E�) � if e ˛ E, then e ˛ E�.I use this property later to show that inheritance holds over entities related by achain of IS-A connections.3.2.3.3 Relationship types and relationshipsGiven an FER schema and a database state, each relationship type �R� in theschema defines a set R = { r1,..., rm}, where each ri , 1 £ i £ m, represents a distinctassociation between two objects that is represented in the database. Theassociations r1,..., rm are objects themselves and are called relationships. As withentity types, I will henceforth refer to both the relationship type �R� and the setof relationships R using the (unquoted) symbol R. For example, in Figure 3.1, therelationship type MD-Patient defines the set MD-Patient, which contains all ofthe pairwise associations between physicians and patients that are represented inthe database.Each relationship type R is typed by an ordered pair of entity types <E, E�>, whichdenotes the entity types that participate in the relationship type. For example, therelationship type MD-Patient in the FER schema of Figure 3.2 is typed by theordered pair of entity types <Physician, Patient>. Formally, if <E, E�>participates in the relationship type R, then participant_types(R) = <E, E�> andparticipant_type1(R) = E and participant_type2(R) = E�. Each instance of arelationship type (that is, each relationship) is a unique object that associates anordered pair of entities <e, e�>. Formally, if the relationship r associates theentities <e, e�>, then participants(r) = <e, e�>, participant1(r) = e, andparticipant2(r) = e�. It is important that the entity pair associated by arelationship be ordered because the semantics of a relationship may be verydifferent if the positions of the associated entities are reversed. For example, if eand e� are instances of the entity type Person and e „ e�, then the semantics of therelationship Lord-Vassal(e, e�) are quite different from the semantics of therelationship Lord-Vassal(e, e�). Lastly, there exists the type constraint

Chapter 3 A Data Model for Bridging Heterogeneity61" r ˛ R, participant1(r) ˛ participant_type1(R) AND participant2(r) ˛ participant_type2(R),which states that relationships can associate only entities of the appropriateentity types, as specified by the relationship type to which the relationshipbelongs.A graphical example of entity types, entities, relationship types, andrelationships appears in Figure 3.4, which depicts the state of a database for partof the FER schema defined in Figure 3.2. In the database state shown, the entitytype Physician defines a set of four entities {md1, md2, md3, md4} and the entitytype Patient defines a set of three entities, {pt1, pt2, pt3}. The relationship typeMD-Patient defines a set of four relationships { r1, r2, r3, r4 }, each of whichassociates a pair of Physician and Patient entities.Figure 3.4: A sample database state for the FER schema in Figure 3.2. The entity typesshown are Patient and Physician and the relationship type shown is MD-Patient. Theinstances of each entity type and relationship type appear directly below them in thefigure.3.2.3.4 Relationship functionsEach relationship type R defines two relationship functions, fR and gR, that mapfrom instances of one participant type of R to sets of instances of the otherparticipant type of R. Specifically, if participant_types(R) = <E, E�>, then fR : E �fi { E� } gR : E� �fi { E }.

Chapter 3 A Data Model for Bridging Heterogeneity62For example, the relationship type MD-Patient in Figure 3.2 defines therelationship functions �physician-of� and �patient-of� such thatfMD-Patient = patient-of : Physician �fi { Patient }gMD-Patient = physician-of : Patient �fi { Physician }.Because relationship types are directional, each relationship function f has a�source� entity type, source(f), and a �target� entity type, target(f). Informally,source(f) and target(f) denote the entity types of the instances that the function fmaps �from� and �to,� respectively. For example, source(patient-of) = Physicianand target(patient-of) = Patient. Formally, for each pair of relationship functionsfR and gR defined by the relationship type R, where participant_types(R) = <E,E�>,source(fR) = target(gR ) = E and target( fR) = source(gR) = E�.As defined, relationship functions are applied to entities of the source entity typeand return sets of entities of the target entity type. The semantics of thisoperation are defined as follows: Given the relationship functions fR and gRdefined by the relationship type R, where participant_types(R) = <E, E�>,(1) the expression fR (e) is valid iff e ˛ source(fR) and the expression gR (e’) is valid iff e� ˛ source(gR)(2) fR (e) = { e� : $ r ˛ R such that participants(r) = <e, e�> gR (e) = { e� : $ r ˛ R such that participants(r) = <e�, e>.Informally, this definition simply states that the argument to a relationshipfunction must be an entity of the appropriate entity type and that the result ofapplying a relationship function is the set of entities that are associated with theargument entity by some relationship. For example, in the sample database stateof Figure 3.4, physician-of(pt1) is a valid expression because pt1 ˛ Patient, andphysician-of(pt1) = {md1, md2} because there exist the relationships r1, r2 ˛ MD-Patient such that participants(r1) = <md1, pt1> and participants(r2) = <md2, pt1>.Any entity type E that is subsumed by another entity type E’ via a chain of IS-Aconnections inherits all of the relationship functions that apply to E’. By �inherits

Chapter 3 A Data Model for Bridging Heterogeneity63relationship functions,� I mean that the instances of the subsumed entity type arevalid arguments to any relationship function that applies to the subsuming entitytype. Formally,SUBTYPE(E, E�) � if e ˛ E then " f such that source(f) = E�, f(e) is valid.For example, by the FER schema of Figure 3.2, the relationship function �patient-with-lab� may be applied to an instance of the entity type Electrolytes to returnthe set of patients who have had a particular electrolyte lab test performed.3.2.3.5 Relationship predicatesEach relationship type R defines a relationship predicate pR that determines if apair of entity instances are related by an instance of the relationship type R. Thevalue of a relationship predicate may be the Boolean TRUE or FALSE and the nameof the relationship predicate is the same as the name of the relationship type.Specifically, if participant_types(R) = <E, E�>, then pR = �R� : E · E� fi Boolean.For example, the relationship type MD-Patient in the schema of Figure 3.2defines the relationship predicate MD-Patient, which takes an instance of theentity type Physician and an instance of the entity type Patient and evaluates toTRUE if the instances are associated (that is, if a specified physician is treating aspecified patient), and to FALSE if they are not associated. The semantics of thispredicate are defined as follows: Given the relationship predicate pR defined bythe relationship type R, where participant_types(R) = <E, E�>,(1) the expression pR (e, e�) is valid iff e ˛ participant_type1(R) and e� ˛ participant_type2(R)(2) pR (e, e�) = TRUE iff $ r ˛ R such that participants(r) = <e, e�>, else pR (e, e�) = FALSE.For example, in the sample database state of Figure 3.4, MD-Patient(md2, pt1) is avalid expression because md2 ˛ Physician and pt1 ˛ Patient, and MD-Patient(md2,pt1) = TRUE. However, MD-Patient(pt1, md2) is not a valid expression, and MD-Patient(md2, pt3) = FALSE. Note that it is not necessarily the case that pR (e, e�) =

Chapter 3 A Data Model for Bridging Heterogeneity64pR (e’, e) for any pair of entities e and e� because participants(r) defines the orderedpair of entities that are associated by the relationship r.Any entity type E that is subsumed by another entity type E’ via a chain of IS-Aconnections inherits all of the relationship predicates that apply to E’. By�inherits relationship predicates,� I mean that instances of the subsumed entitytype validly may appear in the same position within relationship predicates asinstances of the subsuming entity type. Formally,SUBTYPE(E, E�) � if e ˛ E and e� ˛ E� then " pR such that participant_type1(R) = E� and participant_type2(R) = E� pR(e, e�) is validand (the symmetrical case)SUBTYPE(E, E�) � if e ˛ E and e� ˛ E� then " pR such that participant_type1(R) = E� and participant_type2(R) = E� pR(e�, e) is valid.For example, by the FER schema of Figure 3.2, the relationship predicate�Person-Last_Name� may be applied to an instance of the entity type Patient andan instance of the entity type String to determine if a specific patient has aspecific last name.The formal definitions of the syntax and semantics of the FER data model servethree purposes:1. They specify the meaning of the FER data model precisely.2. They provide a foundation for the precise specification of the querylanguage that accompanies the FER data model.3. They provide a precise reference point for assuring that the translationof queries formulated with respect to the FER data model is accurate.

Chapter 3 A Data Model for Bridging Heterogeneity65I describe the query language that accompanies the FER data model in the nextsection, and I describe the process for accurately translating queries from thislanguage to SQL in Chapter 4.3.3 The ReFER Query LanguageBecause the FER data model is a hybrid of the functional model and the EERmodel, it is not surprising that the query language for the FER model is largelyderived from DAPLEX and the EERC. This section discusses the ReFER querylanguage, pointing out the desirable features that it has inherited from itsprecursors, and describing added features that enhance its functionality andusefulness.3.3.1 DesiderataThe general design criteria of an abstract query language are identical to thecriteria for an abstract query model:1. Expressiveness: The language should support the retrieval of relevantclinical information in an intuitive manner. �Relevant� queries in thecontext of clinical decision-support applications encompass requests fora wide range of database objects:¥ A single entity along with its associated entities (forexample, a particular patient and all her medication andlab orders)¥ A set of entities based on complex selection criteria (forexample, all the diuretic medications ordered in the pastweek for patients with congestive heart failure)¥ The aggregated properties of a set of entities (for examplethe average length of stay for all patients admitted in July)An expressive query language must have constructs to support all thesequeries, including predicates to determine associations among entitiesand aggregation functions to abstract sets of values. An expressive

Chapter 3 A Data Model for Bridging Heterogeneity66language also must support the formulation of queries in an �intuitive�manner. For query formulations to correspond to human cognitivemodels of information retrieval, low-level query constructs, such asexplicit relational joins and pointer-chain navigation, should beavoided.2. Abstractness: The constructs of the query language should besufficiently general to support a variety of implementations at specificprovider sites. In other words, the same abstract query constructsshould subsume diverse implemented data models, diverse databaseschemas, and diverse query languages. As a negative example, a querylanguage that requires the specification of a relational join to retrievethe values of patients’ laboratory tests (as shown in Figure 3.1) isinsufficiently abstract, because a specific implementation of the schemain Figure 3.1 may represent patients’ names in the same relation as theirlaboratory test results (which would require no join operation).The query languages of the EER data model (EER calculus [Hohenstein andGogolla 1989]) and of the functional data model (DAPLEX [Shipman 1981]) fulfillthe expressiveness and abstractness criteria. The primary mechanism forachieving expressiveness and abstractness in the EER calculus and in DAPLEX isthe use of functions for navigating database schemas. For example, the term�age-of (patient-of(physician))�in the EER calculus represents the ages of all of the patients treated by aphysician. The term specifies function applications to associate physicians withpatients and patients with ages. This method of manipulating data enhances theintuitiveness of a query language, because it obviates the need to specify themeans by which associations among entities are made at the time a query isevaluated. The user needs to know only that an association may exist. Also,functional data manipulation enhances the power of the query language bysupporting the definition of arbitrary functions, such as those for aggregation:�AVG (age-of (patient-of (physician)))�.Functional data manipulation also enhances the abstractness of the querylanguage by obviating the need to specify implementation-specific details

Chapter 3 A Data Model for Bridging Heterogeneity67regarding the means by which associations between entities are made. Ingeneral, associations may be represented in three (implementation-specific)ways:1. The association may be stored explicitly. For example, the patientrelation may have a stored attribute �age.�2. The association may be derived from stored values. For example, thepatient relation in the database may have a stored attribute �date-of-birth,� which can be compared to the current date to generate the age.3. The association may be computed by a process external to the database.For example, the query engine may consult a database at the stateCensus Bureau to retrieve the age.At the level of a site-independent query language, however, the means by whicha specific database represents an association is inconsequential. It is onlyimportant that the database represents the association in some way. Datamanipulation via function application, therefore, imparts implementation-independence to the query language.The syntax and semantics of the FER query language that I have defined arebased on the syntax and semantics of the EER calculus and of DAPLEX. Idescribe the query language, called ReFER (Retrieval language for the FERmodel) in the following sections.3.3.2 ReFER syntax and semantics: an overviewThe basic syntactic form of a ReFER query is defined by the following grammarrules:(1) Query ::= ’[’ Termlist ’|’ Decllist ’AND’ Predicate ’ ]’(2) Query ::= ’[’ Termlist ’|’ Decllist ’ ]’The symbol �Decllist� denotes a list of variable declarations, the symbol�Predicate� denotes constraints on the values of the declared variables, and thesymbol �Termlist� denotes the set of entities that the query returns. Note thatthe Predicate clause is optional. Several sample queries based on the FER schema

Chapter 3 A Data Model for Bridging Heterogeneity68of Figure 3.1 illustrate the level of abstraction and the intuitiveness of ReFERsyntax and semantics:Q1. [ last-name-of(pt), age-of(pt) | (pt : Patient) ]Meaning: Retrieve the last name and the age of every patient in thedatabase.Q2.[ last-name-of(pt) | (pt : Patient) AND age-of(pt) > 55 ]Meaning: Retrieve the last name of every patient in the database who isolder than 55.Q3.[last-name-of(pt), last-name-of(physician-of(pt)) | (pt : Patient) ]Meaning: Retrieve the last name of every patient paired with the lastname of each physician who is treating that patient.Q4.[value-of(lyte), datetime-of(lyte), | (pt : Patient), (lyte : Electrolyte) AND Patient-Test(pt,lyte) AND datetime-of(lyte) > �1995/10/20 0800� AND last-name-of(pt) = �Tetrazzini� ]Meaning: Retrieve the value and the time of each electrolyte testperformed on the patient named �Tetrazzini� since 8:00 a.m. October20, 1995.Q5.[last-name-of(pt) | (pt : Patient) AND EXISTS [ (tst : K) AND Patient-Test(pt, tst) AND ( value-of(tst) > 6.0 OR value-of(tst) < 3.0 ) ] ]Meaning: Retrieve the last name of every patient who has at least onepotassium value that is greater than 6.0 or less than 3.0.Q6. [last-name-of(md), AVG(age-of(patient-of(md))) | (md : Physician) ]Meaning: Retrieve the last name of every physician in the databasepaired with the average age of the patients treated by that physician.

Chapter 3 A Data Model for Bridging Heterogeneity69The semantics of the ReFER language are based on a domain-oriented calculus[Pirotte 1978]. In a domain-oriented calculus, variables range over declareddomains (or entity types in the case of the FER model). The results of queries arecomputed by iteratively binding variables to each of the entities over which theyrange, and evaluating the expressions containing the variables based on thosevariable bindings. For example, consider the ReFER query:[ last-name-of(pt) | (pt : Patient) AND age-of(pt) > 55 ].This query returns the last names of all patients over the age of 55. The meaningof this query is defined as follows: The declaration �(pt : Patient)� declares thevariable �pt� to range over all entities in the current database state that aremembers of the FER entity type Patient. The declaration effectively defines a setof bindings for the variable �pt,� such that each element of the set binds �pt� toone of the entities in the entity type Patient. The predicate �age-of(pt) > 55�constrains this set of bindings to only those bindings that satisfy the inequality.Specifically, the predicate determines the age associated with each entity towhich �pt� is bound, and tests whether this value is greater than 55. If theassociated age is greater than 55, the predicate retains that binding of �pt�; if it isnot greater than 55, the predicate discards that binding of �pt.� For each bindingof �pt� that remains after the predicate is applied, the term �last-name-of(pt)�determines the last name associated with the entity to which �pt� is bound. Theunion of the last names thus determined for each binding of �pt� that satisfies thepredicate constitutes the result of the query.I define the syntax and semantics of the ReFER symbols �Termlist,� �Decllist,�Predicate,� and �Query� more formally in the following sections. Theformalization is based on a specification of the EER calculus [Hohenstein andEngels 1990].

Chapter 3 A Data Model for Bridging Heterogeneity703.3.3 DeclarationsIn grammar rules (1) and (2) for ReFER queries, Decllist denotes a list ofdeclarations for the variables appearing in a ReFER query. The syntax of Decllistis defined by the following grammar rules:(3) Decllist ::= Decl ’,’ Decllist(4) Decllist ::= Decl(5) Decl ::= ’(’ Variable ’:’ Entity_Type ’)’Examples of valid declaration lists are�(pt : Patient)�(pt : Patient), (md : Physician)� and�(pt1 : Patient), (pt2 : Patient)�Each declaration associates a variable with an FER entity type. Informally, thesemantics of a declaration (v : E) are that the declared variable v �ranges� overthe members of the entity type E that exist in the current database state.Formally, the declaration d = (v : E) defines a set of bindings, B(d), such that foreach entity e ˛ E, there is a binding b ˛ B(d) of the form <v=e> that assigns e tothe variable v. For example, if the entity type Patient consists of the entities {p1,p2} in a database state, the declaration d = (pt : Patient) defines the set ofbindings B(d) such thatB(d) = { <pt = p1>, <pt = p2> }.Note that the set of bindings that a declaration defines must be finite, otherwise aquery may return an infinite result. This �safety� property [Hohenstein andGogolla 1989] implies that variables cannot be declared over the built-in entitytypes of the FER data model, such as Integer and String, because these entitytypes are infinite. The following query, therefore, is not valid:[ num | (num : Integer) AND num > 55 ].In general, the elements of binding sets defined by declaration lists may be tuplesof variable assignments, such that each element of a tuple specifies theassignment of a separate declared variable. Tuple-valued binding sets resultfrom declaration lists that contain multiple declarations because the meaning of

Chapter 3 A Data Model for Bridging Heterogeneity71such declaration lists is the Cartesian product of the binding sets defined by eachdeclaration. Formally, given the declarations d1 and d2, if B(d1) = b1 and B(d2) =b2, then B(d1,d2)= b1· b2 . For example, assume that the FER entity type Patientconsists of the entities {p1, p2} and the FER entity type Physician consists of theentities {m1, m2}. The declaration list �(pt : Patient), (md : Physician)� defines thebinding set{ <pt = p1, md = m1>, <pt = p1, md = m2>, <pt = p2, md = m1>, <pt = p2, md = m2> }.3.3.4 TermsTerms in the ReFER query language denote multisets of entities, that is, sets ofentities in which duplicates may exists. Syntactically, terms may appear in aReFER query either in the Termlist that specifies the results or in the Predicatethat specifies the constraints. For example, the query[ last-name-of(pt) | (pt : Patient) AND age-of(pt) > 55 ]includes the terms �last-name-of(pt)� and �age-of(pt)� (recall that String andInteger are entity types in the FER model so that the values of a patient’s lastname and age are consistent with the formal definition of terms). The syntax ofTerms is defined by the following grammar rules, each of which is accompaniedby an example:(6) Term ::= Constant Example: �55�(7) Term ::= Variable Example: �pt�(8) Term ::= Function ’(’ Term ’)’ Example: �age-of(pt)�(9) Term ::= AggFunction ’(’ Term ’)’ Example: �AVG(age-of(pt))�(10) Term ::= Term ArithFunction Term Example: �age-of(pt) + age-of(md)�

Chapter 3 A Data Model for Bridging Heterogeneity72The symbol �Function� may be any of the relationship functions defined for aparticular FER schema, such as �age-of� or �last-name-of.� The symbol�AggFunction� may be any of the aggregation functions MIN, MAX, AVG, SUM,or COUNT. The symbol �ArithFunction� may be any of the arithmetic functions+, —, *, or /.The meaning of a term in ReFER is a multiset of entities, the elements of whichdepend on the binding of the declared variables appearing in the term. Forexample, assuming a query includes the declaration �(pt : Patient)�, the term�physician-of(pt)�denotes the set of physicians associated with the patient entity that is bound tothe variable �pt.� The value of a term, therefore, can only be determined in thecontext of a particular binding. I formally denote the value (that is, meaning) of aterm by the �value� functionn[Term, b]in which �Term� is a term according to the grammar rules listed above and �b� isan element of the binding set defined by the declaration list of the query in which�Term� appears. For example, the value of the variable �pt� in the context of abinding that assigns the entity p1 to �pt� is simply the value p1:n[pt, <pt = p1>] = p1A definition of the value function �n[]� exists for each syntactic form of a term,and together these value functions completely specify the meaning of terms inReFER. Each definition of a value function in the following list is preceded bythe number of the grammar rule to which the definition corresponds followed bythe �meaning� designator m.(6m) n[Constant, b] = the value of the constantFor example, n[55, b] = 55 and n[�Smith�, b] = �Smith� regardless of the bindings specified by b.

Chapter 3 A Data Model for Bridging Heterogeneity73(7m) n[Variable, b] = the entity assigned to the variable in the binding bFor example, n[md, <md = d1>] = d1.(8m) n[Function(Term), b] = Function ( n[Term, b] )This recursive definition specifies that the value of an FER relationship functionapplied to a term is the FER relationship function applied to the value of theterm. The meaning of an FER relationship function applied to a term wasdefined in Section 3.2.3.4.For example,n[age-of(physician-of(pt)), b] = age-of( n[physician-of(pt), b] ).Informally, the value of the term �age-of(physician-of(pt))� is the multiset of theages associated with the physicians who are treating the patient entity bound to�pt.� Note that if two physicians are both treating the patient bound to �pt� andthe two physicians have the same age, that age will appear twice in the value ofthe term �age-of(physician-of(pt)).�(9m) n[AggFunction(Term), b] = AggFunction ( n[Term, b] )This definition specifies that the value of an aggregation function applied to aterm is the result of applying the aggregation function to the value of the term.Because the values of terms are always multisets of entities, aggregation functionsmay always be applied to the values. In ReFER, the aggregation functions MIN,MAX, AVG, SUM, and COUNT have the same semantics as their counterparts inSQL [Date 1989a].For example,n[AVG(age-of(physician-of(pt))), b] = AVG( n[age-of(physician-of(pt)), b]).The value of the term is the average of the multiset containing the ages of thephysicians associated with the patient bound to �pt.� Note how this example isdifferent fromn[AVG(age-of(pt)), b] = AVG( n[age-of(pt), b] ),

Chapter 3 A Data Model for Bridging Heterogeneity74which equals the average of the set of ages of each patient. If each patient hasonly one age, then the expression is equivalent to v[age-of(pt), b], because theAVG function will always be applied to a set containing one element.(10m) n[Term1 ArithFunction Term2, b] = n[Term1, b] ArithFunction n[Term2, b]This definition specifies that the value of an arithmetic function applied to twoterms is the result of applying the arithmetic function to the values of the terms.In ReFER, the arithmetic functions +, -, *, and / have the same meanings as theircounterparts in SQL [Date 1989a]. For these arithmetic operations to bemeaningful, each subterm v[Term1, b] and v[Term2, b] must evaluate to a setconsisting of one element. This constraint can be checked at the time the query iscompiled based on the cardinality constraints specified for the relationship typesin the FER schema. For example,n[age-of(pt) + age-of(md), b] = n[age-of(pt), b] + v[age-of(md), b].Given the bindings of �pt� and �md� in b, the value of the term is equal to thevalue of the age associated with the Patient entity bound to �pt� plus the value ofthe age associated with the Physician entity bound to �md,� (assuming that onlyone age may be associated with each entity).In the ReFER query language, individual terms that conform to the grammarrules (6) — (10) may be concatenated into Termlist clauses according to thefollowing two grammar rules(11) Termlist ::= Term ’,’ Termlist(12) Termlist ::= TermTerm list clauses are used to denote the results of ReFER queries when more thanone type of entity is requested. For example, the query[ last-name-of(pt), age-of(physician-of(pt)) | (pt : Patient) ]requests the name of each patient and the ages of that patient’s physicians. Thequery includes the Termlist clause �last-name-of(pt), age-of(physician-of(pt)).�The meanings of Termlist clauses also are defined in the context of a specific

Chapter 3 A Data Model for Bridging Heterogeneity75binding of the variables that appear in the term list. Formally, the value of aTermlist clause in the context of a binding is the Cartesian product of the values ofeach element of the Termlist clause in the context of the same binding:(11m) n[Term, Termlist, b] = n[Term, b] · n[Termlist, b].If a Termlist consists of a single term, as in the grammar rule (12), then(12m) n[Termlist, b] = n[Term, b].For example, if b = <pt = p1> and the Patient entity p1 has the last name �Smith�and is treated by two physicians who are aged 40 and 50, thenn[ last-name-of(pt), age-of(physician-of(pt)), b] =n[last-name-of(pt), b] · n[age-of(physician-of(pt)), b] ={ �Smith� } · { 40, 50 } ={ <�Smith�, 40>, <�Smith�, 50>}.3.3.5 Queries without predicatesGiven the formal definitions of Decllist and Termlist, I can now formally definethe meaning of ReFER queries of the form(2) Query ::= ’[’ Termlist ’|’ Decllist ’]’(recall that the Predicate clause is optional). If Termlist and Decllist conform tothe syntactic and semantic specifications that I described above, then I define thevalue (that is, meaning) of the query �[ Termlist | Decllist ]� as(2m) ¨n[Termlist, b] b˛B(Decllist)where the symbol ¨ denotes a multiunion, that is, a union that retains duplicatevalues. Informally, this definition states that the value of a query is themultiunion of the values of the Termlist that are computed for each binding inthe binding set defined by the Decllist. For example, the value of the query

Chapter 3 A Data Model for Bridging Heterogeneity76[ last-name-of(pt), last-name-of(md) | (pt : Patient), (md : Physician) ]is (conceptually) computed by (1) generating a binding set consisting of theCartesian product of all the Patient and Physician entities, (2) determining foreach pair of Patient and Physician entities in the binding set the last names thatcorresponds to the Patient entity and to the Physician entity, and (3) returningthe multiunion of all such pairs of last names.3.3.6 PredicatesThe role of the predicate in a ReFER query is to constrain the binding set definedby the Decllist to only those bindings that satisfy the logic of the predicate.Conceptually, one may think of the predicate in a query as a �filter� on thebinding set defined by the declaration list in the query. For each binding in thebinding set, the assignment for each variable is substituted into thecorresponding variable of the predicate; if the predicate evaluates to TRUE underthe substitution specified by a binding, the binding is retained in the binding set,otherwise the binding is discarded. The bindings that remain are used tocompute the value of the query.The syntax of Predicate is defined by the following grammar rules, each of whichis accompanied by an example:(13) Predicate ::= Term1 Operator Term2 Example: �age-of(pt) > age-of(md)�(14) Predicate ::= Relationship ’(’ Term1 ’,’ Term2 ’)’ Example: �MD-Patient(md, pt)�(15) Predicate ::= ’EXISTS’ ’[’ Decllist ’AND’ Predicate ’]’ Example: �EXISTS [ (md:Physician) AND MD-Patient(md,pt) ]�(16) Predicate ::= ’NOT’ Predicate Example: �NOT age-of(pt) > 55�(17) Predicate ::= Predicate1 ’AND’ Predicate2 Example: �age-of(pt) > 55 AND age-of(pt) < 80�(18) Predicate ::= Predicate1 ’OR’ Predicate2 Example: �age-of(md) >60 OR age-of(md) < 35�

Chapter 3 A Data Model for Bridging Heterogeneity77The symbol �Operator� may be one of =, <>, >, ‡, <, or £. The syntax andsemantics of the symbol �Term� are defined in Section 3.3.4. The symbol�Relationship� may be any of the relationship types defined for a particular FERschema, such as MD-Patient or Person-Last_Name. Because predicates filterbinding sets by testing one binding at a time, the meaning of a predicate isdefined as the truth value of the predicate in the context of a particular binding. Iformally denote the truth value of a predicate by the functiont[Predicate, b]in which �Predicate� is a predicate according to grammar rules (13) — (18) and�b� is an element of the binding set defined by the declaration list of the query inwhich �Predicate� appears. For example,t[last-name-of(pt) = �Smith�, <pt = p1>] = TRUEif the string associated with the Patient entity p1 by the relationship type Person-Last_Name is �Smith.� Otherwise,t[last-name-of(pt) = �Smith�, <pt = p1>] = FALSE.A definition of the truth value function �t[]� exists for each syntactic form of apredicate, and together these functions completely specify the meanings ofpredicates in ReFER. Each definition of a truth value function in the followinglist is preceded by the number of the grammar rule to which the definitioncorresponds.(13m) t[Term1 Operator Term2, b] = TRUE iffn[Term1, b] Operator n[Term2, b]This definition specifies that a comparison operator holds over two terms underthe binding b only if the operator holds over the values of the two terms underthe binding b. In ReFER, the comparison operators =, <>, >, ‡, <, and £ have thesame meanings as their counterparts in SQL [Date 1989a]. For example,t[ age-of(pt) > age-of(md), b] = TRUE iff n[age-of(pt), b] > n[age-of(md), b].(14m) t[ Relationship(Term1, Term2), b ] = TRUE iffRelationship(n[Term1, b], n[Term2, b]).

Chapter 3 A Data Model for Bridging Heterogeneity78This definition specifies that a relationship predicate holds over two terms underthe binding b only if the relationship predicate holds over the values of the twoterms under the binding b. The meaning of an FER relationship predicateapplied to a pair of terms are defined in Section 3.2.3.5.For example,t[ MD-Patient(md,pt), b ] = TRUE iffMD-Patient(n[md, b], n[pt, b])Note that for the comparison operator and the relationship predicate specified in(13) and (14) to be meaningful, both of the subterms appearing in the predicatesmust evaluate to a set consisting of one element given the binding b. Thisconstraint can be checked at the time the query is compiled based on thecardinality constraints specified for the relationship types in the FER schema.(15m) t[ Exists[Decllist AND Predicate], b ] = TRUE iff$ b�˛ B(Decllist) such that t[Predicate�, b�] = TRUEwhere Predicate� = Predicate with each free variable substituted according to theassignments specified in the binding b. The binding b assigns values to each ofthe free variables in Predicate (that is, the variables not declared in Decllist1); the�Exists� predicate tests whether Predicate holds for any of the bindings definedby Decllist. For example,t[ Exists[ (md:Physician) AND age-of(md) > age-of(pt)], <pt = p1> ] =TRUE iff$ b ˛ B( (md:Physician) ) such that t[age-of(md) > age-of(p1), b] = TRUE.(Note the substitution of the value p1 for the variable �pt� in the predicate.) The�Exists� predicate determines if there are any physicians older than the patientp1.

Chapter 3 A Data Model for Bridging Heterogeneity79(16m) t[NOT Predicate , b] = TRUE iff t[Predicate, b] = FALSEFor example,t[NOT MD-Patient(md,pt) , b] = TRUE ifft[MD-Patient(md,pt), b] = FALSE.(17m) t[Predicate1 AND Predicate2, b] = TRUE ifft[Predicate1, b] = TRUE AND t[Predicate2, b] = TRUE(18m) t[Predicate1 OR Predicate2,b] = TRUE ifft[Predicate1, b] = TRUE OR t[Predicate2,b] = TRUE3.3.7 Queries with predicatesGiven the formal definition of Predicate, I can now formally define the meaningof �complete� ReFER queries of the form(1) Query ::= ’[’ Termlist ’|’ Decllist ’AND’ Predicate ’]’Given that the predicate in a ReFER query �filters� the binding set defined by thedeclaration list, the value of a query that includes a predicate is(1m) ¨ n[Termlist, b] b˛B(Decllist, Predicate)where B(Decllist, Predicate) = { b : b ˛ B(Decllist) and t[Predicate, b] = TRUE}.Informally, the definition states that the result of a ReFER query is themultiunion of the values of the term list computed for each binding that isspecified in the declaration list and that fulfills the logical condition of thepredicate.3.3.8 Subqueries: terms revisitedThe ReFER query language supports the use of subqueries. Subqueries are termsthat have the syntactic form of complete queries, but that include one or more

Chapter 3 A Data Model for Bridging Heterogeneity80free variables, that is, variables that are not declared in the declaration list of thesubquery. The syntactic form of a subquery term is(19) Term ::= [ Termlist | Decllist AND Predicate ]The value of a subquery term is defined by the value function that corresponds tothe grammar rule (19):(19m) n[ [Termlist | Decllist AND Predicate], b] = ¨ n[Termlist, b’] b’˛B(Decllist, Predicate’)where Predicate’ = Predicate with each free variable substituted according to theassignments specified in the binding b.For example,n[ [last-name-of(md) | (md : Physician) AND MD-Patient(md,pt) ], <pt = p1>] = ¨ n[last-name-of(md), b’] b’˛B( (md : Physician), MD-Patient(md,p1) )Note the substitution of the value p1 for the variable �pt� in the predicate. Thevalue of this term is the value of the query with the variable �pt� substituted bythe constant p1, as specified in the binding.In ReFER queries, subqueries may appear anywhere terms may appear, providedthat they conform to the semantic constraints that exist for certain terms (such asbeing single-valued if they appear as the argument to a comparison operator).This feature allows one to formulate certain queries more concisely than wouldbe possible in relational query languages, such as SQL. For example, considerthe complex ReFER query[last-name-of(pt), MIN( [value-of(lab) | (lab : pH) AND Patient-Lab(pt,lab) ] ) | (pt : Patient) AND AVG( [value-of(sat) | (sat : O2Sat) AND Patient-Lab(pt, sat) ] ) < 95 ]

Chapter 3 A Data Model for Bridging Heterogeneity81The query requests the last name and the lowest pH value of any patient whoseaverage oxygen saturation is less than 95 percent. Notice that the Termlist clauseconsists of two terms:1. �last-name-of(pt)�2. �MIN( [value-of(lab) | (lab : pH) AND Patient-Lab(pt,lab) ] ).�The Predicate clause compares two terms:1. �AVG( [value-of(sat) | (sat : O2Sat) AND Patient-Lab(pt,sat) ] )�2. �95�The terms that appear as arguments to the aggregation functions MIN and AVGare both subqueries containing the free variable �pt.� Therefore, for each bindingof �pt,� the values of the subqueries can be computed according to the meaningof subquery terms and the results can be aggregated according to the meaningsof MIN and AVG. The subqueries, therefore, behave as any other terms (such as�age-of(physician-of(pt))�) in that they contain variables whose values arespecified by a particular binding and they evaluate to sets of entities. Thisproperty makes ReFER subqueries a powerful language construct that has nocounterpart in SQL because SQL subqueries cannot be the arguments toaggregation functions [Date 1989a]).Although certain ReFER constructs may be more expressive than their SQLcounterparts, the true advantage of the ReFER query language with respect tosharing applications across heterogeneous databases is the language’sabstractness. Abstractness allows one to translate queries formulated in ReFERinto various equivalent SQL queries that are specific to different relationaldatabase implementations. I describe the means by which the TransFERmethodology performs this translation in the next chapter.

Chapter 3 A Data Model for Bridging Heterogeneity82

83Chapter 4An AutomatedQuery-Translation MethodologyAn expressive and abstract query model for clinical medicine is only aprerequisite to providing applications with access to heterogeneous clinicaldatabases. The second component of the technology is a principled methodologyfor translating automatically queries specified using the abstract query model tosemantically equivalent queries that can be executed by heterogeneous clinicaldatabases. In this chapter, I describe the query-translation methodology of theTransFER model. In Section 4.1, I discuss the desirable features of query-translation methodologies in general and I introduce the framework of theTransFER query-translation methodology, which is based on the concept ofattribute grammars and the relational algebra. In Section 4.2, I describe howdatabase programmers can use a mapping language based on the relationalalgebra to encode site-specific mappings between an FER schema and a relationaldatabase. Section 4.3 provide a description and a detailed example of how thetranslation methodology applies the encoded mappings within the attribute-grammar framework to translate ReFER queries to site-specific SQL queries. InSection 4.4, I describe the theoretical basis of the optimization techniques used bythe TransFER compiler to simplify translated queries.4.1 Framework of the MethodologyAn ideal query-translation methodology for the FER query model would satisfythe following criteria:1. Automation: The methodology translates queries with no humanintervention. Although human intervention is required to specify the

Chapter 4 An Automated Query-Translation Methodology84mappings between a particular clinical database and the abstract FERquery model, subsequent use of the mappings to translate individualqueries is completely automated. The human labor required to specifythe mappings is amortized over the queries that are later translatedautomatically.2. Latitude: The methodology is general and powerful enough to translateFER queries to the query models of a great variety of clinical databases,provided that the databases are semantically consistent with the FERquery model. Semantic consistency means, informally, that the samesemantic information is represented in the query model of theimplemented database as is represented in the abstract query model,although the technical means by which the information is representedmay differ. Differences between semantically consistent query modelsconstitute representational heterogeneity [Barsalou and Gangopadhyay1992]. Several types of representational heterogeneity exist [Agarwal1991] and the ideal query-translation methodology is able to resolve allof them.3. Efficiency: The methodology automatically generates queries that are ascomputationally efficient as queries translated manually by databaseprogrammers. Different formulations of semantically equivalentqueries can dramatically influence the queries’ computational efficiency,even given the query-optimization capabilities of many commercialrelational query engines. Database programmers, who are familiar withthe semantics of particular databases and with the costs of variousquery operations, are adept at writing queries that retrieve requesteddata with the minimum computation. The ideal automated translationmethodology applies similar optimization principles to generate queriesof comparable efficiency.The query-translation methodology that I propose, called TransFER, attempts tofulfill each of these design criteria. The methodology provides automated querytranslation by implementing a syntax-directed translation engine that takes asinput only a ReFER query and a set of database-specific mappings. Themethodology provides an expressive database mapping language toaccommodate a wide variety of clinical database implementations. The

Chapter 4 An Automated Query-Translation Methodology85methodology optimizes the queries that it automatically generates by applyingwell-founded transformation techniques based on the theory of relationalalgebra.The computational framework of the translation methodology consists of anattribute grammar for the ReFER query language (the language was described inSection 3.3). Attribute grammars, first introduced by Knuth [Knuth 1968], arecontext-free grammars (CFGs) in which each terminal and nonterminal symbol isassociated with a set of attributes. Attribute grammars are useful for formallyrepresenting the transformation of one language to another because the set ofattributes associated with the syntactic symbols of one representation system candenote the semantics of the symbols in a different representation system. Whenan expression is parsed by an attribute grammar, the values of the attributesassociated with each symbol are assigned, usually based on the values ofattributes associated with adjacent symbols in the parse tree. The rules forassigning values to attributes are called semantic functions. Together, theproductions of a CFG and the semantic functions for deriving the attributes ofeach symbol in the CFG constitute an attribute grammar.4.1.1 A sample attribute grammarAs a general example, Figure 4.1 shows a simple attribute grammar thatrecognizes expressions denoting the addition of Roman numerals using theoperator �plus,� such as �II plus IV.� The purpose of the attribute grammar is totranslate these expressions into conventional mathematical notation, such as �2 +4,� so that they can be computed by a standard calculator The boldfaced text inthe upper panel of Figure 4.1 represents the CFG for the Roman numeraladdition language. The plain text in the upper panel of Figure 4.1 represents thesemantic functions for assigning a value to each attribute. Note that each symbolon the left-hand side of a grammar rule (that is, �Expr� and �Num�) has a singleattribute named �value,� which denotes the value of the symbol in conventionalmathematical notation. For terminal symbols (that is, leaves in the parse tree),such as �Num,� the semantic function assigns a constant value to the attribute;for nonterminal symbols, such as �Expr,� the semantic function derives a valuefor the attribute based on the values of attributes previously assigned to symbolson the right-hand side of the grammar rule. The lower panel of Figure 4.1 shows

Chapter 4 An Automated Query-Translation Methodology86the parse tree for the expression �I plus II plus IV,� with all attributes assigned.Note that the attribute value at the root of the parse tree (�1 + 2 + 4�) hasprecisely the same semantics as the input string (�I plus II plus IV�), although itis represented in a completely different syntactic notation. The effect of theattribute grammar, therefore, is to translate any expression formulated in theRoman numeral addition language into a semantically equivalent expression inconventional mathematical notation. If one were to interface the attributegrammar in Figure 4.1 to a standard calculator, one could enter the expression �Iplus II plus IV� and receive the result �7.�Figure 4.1: An attribute grammar for addition of Roman numerals. The upper panelshows the context-free grammar and semantic functions of the attribute grammar. Thelower panel shows the parse tree for the expression �I plus II plus IV,� with the attributevalue for each node appearing in braces.4.1.2 Attribute grammars for query translationThe TransFER translation methodology applies the principles of attributegrammars similarly to translate expressions consisting of ReFER queries into

Chapter 4 An Automated Query-Translation Methodology87semantically equivalent expressions formulated in the relational algebra. Bytranslating ReFER queries to relational algebra, one can retrieve the requesteddata from a relational database, just as by translating Roman numeralexpressions to mathematical notation one can compute the result with a standardcalculator. By customizing the attribute grammar to particular relationaldatabase implementations, one can generate relational algebra translations ofReFER queries that are site specific. The relational algebra that I use is a versionof the standard relational algebra, which I have enhanced to have the expressivepower of SQL1. I describe the algebra in Section 4.1.3.Figure 4.2 shows an excerpt of attribute grammar for the ReFER query languageand a parse tree generated by the attribute grammar for the simple ReFER query�[ name-of(pt) | (pt : Patient) ]�.The translation of the query is performed by the semantic functions of the ReFERattribute grammar, just as the translation in Figure 4.1 is performed by thesemantic functions of the attribute grammar for the Roman numeral additionlanguage. The semantic functions corresponding to each symbol in the ReFERattribute grammar (shown in plain text in the upper panel of Figure 4.2) assign arelational algebra expression to the symbol at the time it is parsed, much the waythat the semantic functions of the attribute grammar in Figure 4.1 assign aconventional arithmetic expression to each symbol at the time it is parsed. Forterminal symbols, such as Entity and Relationship, the relational algebraexpression corresponding to the symbol on the left-hand side of a grammar ruleis constant; these expressions, in fact, represent the site-specific mappings for theentity types and relationship types of the FER schema. For example, the attributegrammar in Figure 4.2 assigns the relational algebra expression P to the entitytype Patient and the relational algebra expression N to the relationship typePerson-Name. Note that P and N are just place holders in the example of Figure4.2; in an actual ReFER attribute grammar, they might be complex relationalalgebra expressions, such as

1I refer here to the ANSI standard SQL published in1989[Date 1989a], commonly referred to as�SQL89.�

Chapter 4 An Automated Query-Translation Methodology88 Project( [ LastName, FirstName ], Select( [ Ward = �Medicine� OR Ward = �Surgery�], Union ( InPatients, OutPatients ) ) ).The specification of mapping expressions like P and N is discussed in Section 4.2.Note that variables in ReFER queries are assigned the values of the entity typeswith which they are associated in the declaration statement (that is, �pt� isassigned the value for �Patient�) and functions in ReFER queries are assigned thevalues of the relationship types to which they correspond in the FER schema(that is, �name-of� is assigned the value for �Person-Name.� The rationale forthese assignments is discussed in Section 4.3.3.2. For nonterminal symbols, suchas �Term� and �Query,� the corresponding relational algebra expressions mustbe constructed from the relational algebra expressions previously assigned to thesymbols on the right-hand side of the grammar rules. The semantic functions ofthe attribute grammar construct relational algebra expressions by specifyingrelational algebra operations, such as JOIN and UNION. Note that the semanticfunctions for the nonterminal symbols �Query� and �Term� in Figure 4.2 areoversimplified because they do not specify the fields on which relational algebraexpressions are to be joined. This omission is to simplify the diagram only. Thesemantic functions of the actual attribute grammar do specify the join fields, asdescribed in Section 4.3.3.Because the relational algebra is an applicative language [MacLennan 1987], theapplication of relational operators to relational expressions produces newrelational expressions. By recursively combining relational algebra expressionsas specified by the semantic functions, the attribute grammar constructs a singlerelational algebra expression in a bottom-up fashion. This relational algebraexpression is semantically equivalent to the input ReFER query, just as thearithmetic expression constructed at the root of the parse tree in Figure 4.1 isequivalent to the input Roman numeral expression. The relational algebraexpression subsequently can be translated to SQL via a straightforwardtransformation, as I discuss in Section 4.3.4. When the attribute grammar isinterfaced to an SQL query engine, ReFER queries can retrieve data directly fromrelational databases.

Chapter 4 An Automated Query-Translation Methodology89Figure 4.2: Excerpt of the attribute grammar for the ReFER query language. The upperpanel shows the context-free grammar (in boldface) and semantic functions (in plain text)of the attribute grammar. The lower panel shows the parse tree for the query �[name-of(pt) | (pt : Patient) ]� with the attribute value for each node appearing in braces.Two points fundamental to the TransFER query-translation methodology areillustrated by the attribute grammar in Figure 4.2:1. Certain of the semantic functions that are required for translating FERqueries to their relational algebra counterparts are specific to therelational database implementation at a particular site. Specifically, thesemantic functions that assign relational algebra expressions to entitytypes and relationship types (such as Patient and Person-Name inFigure 4.2) must be customized at each site where query translation willtake place so that the assigned expressions accurately represent thesemantics of the entity types and relationship types at that site. In fact,the specification of the appropriate semantic functions for all entitytypes and relationship types constitutes the mapping between theabstract FER schema and a specific relational implementation. Becauseentity types and relationship types are the terminal symbols in the

Chapter 4 An Automated Query-Translation Methodology90ReFER attribute grammar, all table names and field names referenced inthe relational algebra expression that is produced by the translation willexist in the local relational database, assuming that the mappings havebeen specified correctly. Examples of mappings for entity types andrelationship types appear in Section 4.2.2. TransFER attribute grammars do not immediately evaluate therelational algebra expressions that they generate. Deferral of evaluationallows the resulting expressions to be transformed into more efficientforms (while retaining the same semantics) before the relational query isactually executed. For example, an optimizer may determine thatjoining the relational algebra expression N to the expression P twice inthe translation result of Figure 4.2 is superfluous, and that thesimplified expression (N join P) is equivalent to the original expression((N join P) join P). Relational algebra is well suited for representing thetranslation of ReFER queries because numerous formal techniquesalready exist for optimizing relational algebra expressions. The use ofthese techniques is discussed in Section 4.4.To summarize, the TransFER attribute grammar translates a ReFER query into asemantically equivalent relational query by (1) decomposing the ReFER queryinto its syntactic components, (2) translating each component into an appropriaterelational algebra expression, and (3) combining the expressions into a singlerelational algebra query. Before I discuss how the semantic functions of theattribute grammar generate and combine relational algebra expressions to effectquery translations, I introduce the relational algebra language in which thoseexpressions are formulated. Recall that this language is used to represent thesite-specific mappings for FER entity and relationship types (such as �Patient�and �Person-Name�) as well as the site-independent translations of ReFER queryoperations (such as �name-of(pt)�).4.1.3 The extended relational algebra (ERA)Because the goal of the TransFER attribute grammar is to translate ReFER queriesinto representations that are meaningful with respect to relational databases, it isnatural to use a relational data-manipulation language (DML) to specify therelational semantics of ReFER query constructs. The most prominent DMLs for

Chapter 4 An Automated Query-Translation Methodology91relational databases are the relational calculus and the relational algebra [Codd1972]. Although variants of the relational calculus (usually SQL) constitute thequery interfaces of most modern relational databases, I have chosen the relationalalgebra for representing the relational semantics of ReFER constructs. Therelational algebra is preferable because it is an applicative language, whichsupports both the incremental construction of relational queries from modularsubcomponents and the systematic optimization of the constructed queries. Theincremental assembly of relational subcomponents is compatible with theframework for query translation that I described earlier in this section because itallows the relational semantics of FER entity types and relationship types to bespecified in a context-free fashion and to be combined later as needed. Thesystematic optimization of relational algebra expressions is consistent with theefficiency criterion for query translation methodologies because it allowsoptimization procedures to be encoded and automatically performed. Therelational algebra and the relational calculus are equally expressive [Codd 1972,Klug 1982], and conversion from one to the other is straightforward.The relational algebra is a query language based on the notion of applyingoperators to relations. The original relational algebra and extensions to it havebeen described extensively [Codd 1970, Klug 1982, Maier 1983]. I have adoptedthis work to define an extended relational algebra (ERA) that I use to represent therelational semantics of FER schemas and ReFER queries. As opposed to theoriginal relational algebra, ERA is equal in expressiveness to SQL2 and can,therefore, utilize the full capabilities of modern SQL query processors.Table 4.1 lists the operators of the ERA. The syntax for relational operators that Iuse in this document differs from the conventional syntax but the semantics ofthe operators are similar. Let <relation> be any well-defined relational algebraexpression with respect to the relational data model, <attrs> be any set of fieldnames corresponding to the columns in a relation, <consts> be a set of constantvalues, and <conds> be a set of conjoined conditions of the form �<attrs> =<attrs>� or �<attrs> = <consts>.� Given these definitions, the relational algebraoperations of the ERA are listed in Table 4.1.

2with the sole exception that the ERA does not include the SQL sorting operation �ORDER BY.�

Chapter 4 An Automated Query-Translation Methodology92ERA Operator Syntax

PROJECTProj ( [<attrs>], <relation>)

MULTIPROJECTMProj ( [<attrs>], <relation>)

SELECTSel ( [<conds>], <relation>)

JOINJoin ( [<conds>], <relation>, <relation> )

UNIONUnion ( <relation>, <relation>)

DIFFERENCEDiff ( <relation>, <relation>)

AGGREGATEAgg( [ <arg-attrs>, <group-attrs>, <fxn>, <new-attrs>], <relation>)

RENAMERename( [<attr-renames>], <relation> )

EXTENDExtend( [ <attr-defns>], <relation> )

EXISTSExists( < relation> )

Table 4.1: The operators of the extended relational algebra. The definitions of <relation>,<attrs>, <conds>, <fxn>, <attr-renames>, and <attr-defns> are discussed in the text.Note that the syntax differs from the conventional syntax for relational operators (that is,p, s, ¨, etc.), but is more convenient for expository purposes.4.1.3.1 Project, Select, Join, Union, DifferenceThe operators PROJECT, SELECT, JOIN, UNION, and DIFFERENCE in Table 4.1 havethe same semantics as specified by Codd for the original relational algebra [Codd1972]. The correspondence between the syntax of the operators used in Table 4.1and the conventional syntax is as follows:

Chapter 4 An Automated Query-Translation Methodology93

ERA Syntax

Conventional Syntax_

__Proj ( [<attrs>], <relation>) p< attrs> <relation>Sel ( [<conds>], <relation>) s< conds> <relation>Join ( [<conds>], <relation>, <relation>) <relation>

<relation> <conds>Union ( <relation>, <relation>) <relation> ¨ <relation>Diff ( <relation>, <relation>) <relation> - <relation>4.1.3.2 MultiprojectionThe MULTIPROJECT operator is identical to the PROJECT operator except thatduplicate rows are retained (the classic PROJECT operator eliminates anyduplicate rows that result from �projecting out� certain fields in a table).4.1.3.3 AggregationThe AGGREGATE operator is a generalization of the relational aggregationoperator introduced by Klug [Klug 1982]. The AGGREGATE operator in Table 4.1partitions a relation into sets of tuples that have the same values of the attributesspecified in <group-attrs>; within each partition, it applies the aggregationfunction <fxn> to the set of values specified in <arg-attrs>, and returns a newrelation consisting of the Cartesian product of the result of the aggregationfunction (which receives the new attribute name <new-attrs>) and the value of<group-attrs> for that partition. For example, given the relation �Doctors�shown in Figure 4.3 and the aggregation function AVERAGE, the relationalalgebra expressionR = Agg( [ {Age}, {Specialty}, AVERAGE, {Avg-Age} ], Doctors)would generate the relation R shown in Figure 4.4 by taking the average of the�Age� values for each partition with the same value of �Specialty� and namingthe resulting value �Avg-age.�

Chapter 4 An Automated Query-Translation Methodology94Doctors =

Name

Specialty

Age�Smith�Ortho�50�Jones�Ortho�60�Thomas�Cardio�40�Cross�Cardio�50Figure 4.3: A relational table named �Doctors.�R =

Avg-Age�Ortho�55�Cardio�45Figure 4.4: A relational table generated by applying the AGGREGATE operator to therelational table in Figure 4.3.4.1.3.4 Rename and ExtendThe RENAME operator simply renames the specified attributes that appear in therelation to which it is applied. The renaming specifications appear in a list ofterms of the form �<old-attr-name> => <new-attr-name>.� For example, giventhe relation shown in Figure 4.3, the relational algebra expressionS = Rename( [ Specialty => Dept, Name => Last-Name ], Doctors)would generate the relation S shown in Figure 4.5.S =

Last-Name

Dept

Age�Smith�Ortho�50�Jones�Ortho�60�Thomas�Cardio�40�Cross�Cardio�50Figure 4.5: A relational table generated by applying the RENAME operator to therelational table in Figure 4.3.The EXTEND operator adds a column to the relation to which it is applied. Thevalue of the column may be a constant or the value of any other column thatalready exists in the relation. The extension specifications appear in a list ofterms of the form �<new-attr-name> == <new-attr-value>.� For example, giventhe relation shown in Figure 4.3, the relational algebra expression

Chapter 4 An Automated Query-Translation Methodology95T = Extend( [ Degree == �MD�, Experience == Age], Doctors)would generate the relation T shown in Figure 4.6.T =

Name

Specialty

AgeDegree

Experience�Smith�Ortho�50�MD�50�Jones�Ortho�60�MD�60�Thomas�Cardio�40�MD�40�Cross�Cardio�50�MD�50Figure 4.6: A relational table generated by applying the EXTEND operator to therelational table in Figure 4.3.4.1.3.5 ExistsThe EXISTS operator actually does not perform any transformation on the relationto which it is applied, but specifies that any JOIN operations subsequently appliedto the Exists() expression are semi-joins [Ullman 1988 p. 60]. For example, giventhe relations Doctors and Fathers shown in Figures 4.3 and 4.7, respectively, therelational algebra expressionU = Join([ Name = LName], Doctors, Exists(Fathers))would generate the relation U shown in Figure 4.8.Fathers =

LName

Child-Name�Smith�Maggie�Smith�Chuck�Cross�Carlos�Cross�Martha�Figure 4.7: A relational table called �Fathers.�U =

Age�Smith�Ortho�50�Cross�Cardio�50Figure 4.8: A relational table generated by applying the JOIN operator to the relationaltable in Figure 4.3 and to an EXISTS operation over the relational table in Figure 4.7.

Chapter 4 An Automated Query-Translation Methodology964.1.3.6 Virtual relationsAn unusual but useful feature of the extended relational algebra is the notion ofvirtual relations. Virtual relations are named relations that have attributes andmay appear in relational algebra expressions, but which do not actually exist asstored relations in a database. A virtual relation represents a pair of functionsthat simulate the existence of a stored relation at the time that the virtual relationis joined to an actual relation. For example, consider the virtual relation �Age-BirthYear,� which has the following schema:Age-BirthYear = fieldfunctional definitioncurr-age:compute_age(birth-yr)birth-yr:compute_birth_year(curr-age).The virtual relation represents mappings between birth years and currentchronological ages. For example, on November 1, 1995, the age 50 maps to thebirth year 1945 and the birth year 1960 maps to the age 35 (note that thesemappings are not strictly precise because the exact birth date is not considered;the functions make the assumption that every person’s birth date is January 1).Because Age-BirthYear is a virtual relation, the mappings between ages and birthyears are not actually stored. Rather, the functions �compute_age()� and�compute_birth_year()� that correspond to the fields of the virtual relationcompute the appropriate mappings when the virtual relation is joined to anactual relation. For example, the mappings are invoked in the followingrelational algebra expression, which derives the birth years of the physiciansrepresented in Figure 4.3. Proj( [ birth-yr ], Join( [ Age = curr-age ], Doctors, Age-BirthYear ) ).The mechanism by which the mapping is simulated is that the value of the fieldto which �curr-age� is joined (that is, �Age�) is substituted as the argument to thefunction �compute_birth_year()� and the result is assigned to the field�birth-yr.� In this case, the result of joining the �Doctors� relation to the virtual

Chapter 4 An Automated Query-Translation Methodology97relation �Age-BirthYear� is equivalent to extending the �Doctors� relation withthe computed birth year: Proj( [ birth-yr ], Extend( [ birth-yr == compute_birth_year(Age) ], Doctors ).This is the case only because there is a one-to-one association between ages andbirth years. In general, however, the functions defined for virtual relations maybe multivalued, so that the mapping specified by the virtual relation cannot beimplemented by extending each row with a single value. Therefore, the join isrequired.The advantage of representing functional mappings with virtual relations is thata query optimizer may manipulate virtual relations and actual relationssimilarly. Specifically, joins between virtual relations and actual relations may bere-ordered or deferred by an optimizer so that the costs of executing thefunctions specified in the virtual relations are reduced. For example, if a selectoperation greatly reduces the size of an actual relation by excluding many rows,a join between the actual relation and a virtual relation should be deferred untilafter the select operation to reduce the number of times the function is executed.Formally, every virtual relation, Rv, defines two disjoint sets of fields, A and B,such that the schema of Rv = AB. A mutual functional dependency existsbetween A and B such that A = f(B) and B = g(A), that is, each value of A in Rvfunctionally determines the corresponding values of B and each value of B in Rvfunctionally determines the corresponding values of A. Note that, in general, Aand B may each constitute more than one field. The functions f and g areexecutable functions that map from values of A to sets of values of B and viceversa. The important constraint exists that virtual relations can be joined toactual relations only on all the values of A or all the values of B. This constraintensures that all of the arguments to the functions that implement the virtualrelation are bound when the functions are executed (recall that the values of thefields on which the virtual relation is joined are substituted into the arguments ofthe functions).

Chapter 4 An Automated Query-Translation Methodology98In practice, many useful virtual relations represent functions that have noinverses. An example is the virtual relation �DOB-Age,� which maps a precisedate-of-birth to a current age in years:DOB-Age = field functional definition curr-age: compute_age(dob) dob: <no function>.Because any age in years implies a range of possible birth dates, there is nofunction that can map from an age to a single DOB. However, the usefuloperation of mapping from a DOB to a single age is possible and is performed bythe function �compute_age().� The implication of this asymmetry is that thevirtual relation �DOB-Age� may be joined to actual relations only on the field�dob.� The virtual relation may not be joined on the field �curr-age.� A queryoptimizer that reorders joins involving virtual relations must be aware of thisconstraint. For example, given the tables defined in Figures 4.3 and 4.9, thefollowing are valid and invalid relational algebra expressions:valid: Proj( [ curr-age ],(see Figure 4.9) Join( [ DOB = dob ], Patient, DOB-Age) )invalid:Proj( [ dob ],(see Figure 4.3) Join( [ Age = curr-age ], Doctors, DOB-Age) ).4.1.3.7 ExamplesThe complete syntax of the Extended Relational Algebra appears in Appendix A.Examples of relational algebra expressions encoded in the syntax of Table 4.1appear in the following list (the semantics of these expressions are based on therelational schema shown in Figure 4.9):

Chapter 4 An Automated Query-Translation Methodology99Figure 4.9: A hypothetical relational database schema. The �Patient-Doc� relationassociates patients with the doctors who are treating them. DOB denotes date of birth.1. The names of all patients:Proj ( [Name], Patient)2. The names of all people who are patients or doctors:Proj ( [Name], Union (Patient,Rename( [ MD-Name => Name ], Doctor) ) )3. John’s telephone number:Proj ( [Phone#],Sel ( [Name = �John�], Patient) )4. The names and telephone numbers of Pam’s patients:Proj ( [Name, Phone#] Join ( [Name = Patient] Patient, Sel( [ Doctor = �Pam� ], Patient-Doc) ) )

Chapter 4 An Automated Query-Translation Methodology1005. The names and ages of all patients: Proj( [ Name, curr-age ], Join( [ DOB = dob ], Patient, DOB-Age) )(This expression assumes the definition of the virtual relation �DOB-Age�as specified above.)6. The names and phone numbers of patients who are associated with atleast one physician:Proj( [Name, Phone#], Join( [ Name = Patient ], Patient, Exists( Patient-Doc ) ) )7. The number of physicians associated with each patient:Agg( [Doctor, Name, COUNT, Doc-Count], Join( [ Name = Patient ], Patient, Patient-Doc ) )Expressions in the ERA language are generated by the semantic functions of theTransFER attribute grammar. The ERA expressions represent the relationaltranslations of ReFER language constructs in queries parsed by the attributegrammar. The site-specific semantic functions generate the ERA translations ofFER entity types and relationship types. I discuss these semantic functions in thenext section. The site-independent semantic functions combine these ERAtranslations according to the syntax of a particular ReFER query to generate asingle ERA expression that constitutes the relational translation of the query. Idiscuss these semantic functions in Section 4.3.4.2 Mapping FER Schemas to Relational DatabasesAs I discussed in Section 4.1.2, certain of the semantic functions in the TransFERattribute grammar are site specific. These semantic functions define translations

Chapter 4 An Automated Query-Translation Methodology101from ReFER expressions to ERA expressions that vary depending on the clinicaldatabase implementation at a particular site. Due to local modeling decisions,relational databases that store similar clinical information may vary from site tosite in numerous respects, including the naming of tables and fields, the degreeof normalization, the representation of type hierarchies, and the composition ofcontrolled vocabularies. Therefore, the relational algebra translations of certainReFER expressions also must vary from site to site to represent the semantics ofthe ReFER expressions accurately. For example, consider the ReFER query Q1,which is specified with respect to the FER schema in Figure 4.10:Q1: [ last-name-of(p) | (p : Person) AND age-of(p) > 55 ]Given the semantics of the FER schema and the ReFER query language, the queryQ1 requests the last names of all persons in the database over the age of 55.Figure 4.10: A sample FER schema describing part of the clinical domain. The schemadenotes the existence of physicians and patients, which are subtypes of persons andwhich may be associated with each other . Each person is associated with an integer thatdenotes his age and a string that denotes his last name.One may wish to execute this query at two relational database, Site A and Site B,the schemas of which appear in Figure 4.11. The relational schemas of Site A andSite B differ in several ways:1. The names of all tables and fields are disjoint.

Chapter 4 An Automated Query-Translation Methodology1022. The entity types of the type hierarchy Person-Patient-Physician arerepresented in one table at Site A but are distributed across two tables atSite B.3. Persons are uniquely identified by the combination of their first and lastnames at Site A, whereas persons are uniquely identified by their socialsecurity numbers at Site B.4. Each person’s age is explicitly stored at Site A, whereas each person’sage must be computed from the stored date of birth at Site B.5. The associations between patients and their physicians are representedin a separate table solely for this purpose at Site A, whereas theassociations are represented in the same table as patients arerepresented at Site B (which must be denormalized because the patient—physician association is many-to-many).Despite these differences, note that the information content specified by the FERschema in Figure 4.10 is completely represented in both of the relational schemas.The relational schemas at sites A and B are, therefore, semantically consistent withthe FER schema (according to the informal definition of semantic consistency thatI proposed in Section 4.1).

Chapter 4 An Automated Query-Translation Methodology103Figure 4.11: Two relational database implementations that represent the sameinformation content despite heterogeneous database designs. The FER schema in Figure4.10 describes the information content of both databases. Site-specific mappings betweenthe entity types/relationship types of the FER schema and the tables and fields of therelational schemas enable one to use the FER schema to query either of the relationaldatabases.The objective of the TransFER query-translation methodology is to generate arelational algebra expression at each site that represents the same semantics asthe ReFER query Q1 but that is specific to the relational schema at that site. ATransFER attribute grammar can generate such an expression if the semanticfunctions corresponding to only the relationship types and the user-defined entitytypes of the FER schema are specific to the relational database implementation.This set of semantic functions for entity and relationship types constitutes themapping between an FER schema and a specific relational database. Thesemantic functions corresponding to each of the other symbols in the ReFERquery-language grammar (such as AND, OR, Exists, etc.) need not be sitespecific, because they represent general rules for translating the semantics ofReFER to those of the relational algebra.

Chapter 4 An Automated Query-Translation Methodology104Note that the set of entity types and relationship types that appears in aTransFER attribute grammar depends on the FER schema for which the attributegrammar is defined. For example, the attribute grammar for the FER schema inFigure 4.10 would include the entity type symbols �Person,� �Patient,� and�Physician� and the relationship type symbols �Person-Last_Name,� �Person-Age,� and �MD-Physician� (the built-in entity types Integer and String areincluded by default).The semantic functions for the entity types and relationship types of an FERschema assign values to the attributes of the entity-type and relationship-typesymbols in the TransFER attribute grammar. In other words, each entity-typeand relationship-type symbol has a set of attributes, the values of which areassigned by the semantic functions. Specifically, entity-type symbols have theattributes �ERA� and �Id,� and relationship-type symbols have the attributes�ERA,� �Id,� and �Fid.� The values of these attributes instruct the compiler howto assemble a relational algebra expression at the local database that is equivalentto the corresponding entity type or relationship type in the FER schema. In thissection, I introduce the formal method by which the attributes specify theseinstructions; this method constitutes the mapping language of TransFER. InAppendix A, I present the complete specifications of the mapping language and Icharacterize the power of this language to map FER schemas to a variety ofheterogeneous relational database schemas. When a ReFER query is parsed, theattribute grammar assembles the relational algebra expressions that correspondto the entity and relationship types within the query according to the site-specificmappings and combines these expressions to generate a complete relationalalgebra translation of the query (as described in Section 4.1.2).4.2.1 Entity-type mappingsRecall that in the FER data model, entity types represent sets of unique objects inthe domain of discourse. In order to map this concept to a relational database,the semantic function for each entity-type symbol, E, assigns an extendedrelational algebra expression, R, to the attribute �ERA� such that each row in Rrepresents a unique instance of the entity type E. For example, the following are theassignments of ERA for the entity types of the FER schema in Figure 4.10 and therelational database implementations at sites A and B:

Chapter 4 An Automated Query-Translation Methodology105

Site APerson ::= ERA = � PERSON�Patient ::= ERA = �Sel([type = �pt�], PERSON)�Physician ::=ERA = �Sel([type = �md�], PERSON)�

Site BPerson ::= ERA = �Union( Proj([ssn], Rename([pt-ssn -> ssn],PATIENT)), Proj( [ssn], Rename([md-ssn -> ssn],PHYSICIAN) ) )�Patient ::= ERA = �Proj( [pt-ssn], PATIENT)�Physician ::= ERA = �PHYSICIAN�.Additionally, the semantic function for each entity-type symbol, E, assigns a listof field names, FI, to the attribute �Id� such that FI denotes the key of therelational algebra expression for the entity type E. By the definition of �keyness,�each element of FI must be a field in the corresponding ERA expression, R, andthe concatenated values of FI for each row of R must be unique. For example, thefollowing are the assignments of the attribute �Id� for the entity types of the FERschema in Figure 4.10 and the relational database implementations at sites A andB:

Site APerson ::= Id = [ lname,fname]Patient ::= Id = [ lname,fname]Physician ::=Id = [ lname,fname]

Site BPerson ::= Id = [ ssn ]Patient ::= Id = [ pt-ssn ]Physician ::=Id = [ md-ssn ].Several points regarding the mappings for Person, Patient, and Physician at sitesA and B are noteworthy:

Chapter 4 An Automated Query-Translation Methodology1061. The SELECT operator is required in the ERA values of the entity typesPatient and Physician at site A because the instances of Patient andPhysician are represented together in the table PERSON.2. The UNION operator is required in the ERA value of the entity typePerson at site B because the instances of Person are distributed acrossthe tables PATIENT and PHYSICIAN.3. The RENAME operator is required in the ERA value of the entity typePerson at site B because the field names denoting the keys of the tablesPATIENT and PHYSICIAN are different in each table (that is, �pt-ssn�and �md-ssn�); because a single field name is required as the value ofId for Person, the keys must be �unified� before the tables are unioned.4. The PROJECT operator is required in the ERA value of the entity typePatient at site B because the table PATIENT is denormalized andtherefore may contain multiple rows for each Patient entity; the PROJECToperator eliminates duplicates and ensures that the Id value, [pt-ssn],is unique.Together, the values of the attributes �ERA� and �Id� values for each entity-typesymbol completely specify how that entity type is represented in a particularrelational database.4.2.2 Relationship-type mappingsIn the FER data model, relationship types represent sets of unique objects thatassociate pairs of entities. In order to map this concept to a relational database,the semantic function for each relationship-type symbol, A, assigns an extendedrelational algebra expression, R, to the attribute �ERA� such that each row in Rrepresents a unique instance of the association denoted by the relationship typeA. Because each instance of a relationship type in the FER data model representsan association between two entities, the semantic function also assigns a pairedlist of field names, <F1, F2>, to the attribute �Fid;� F1 and F2 denote the fields ofthe relational algebra expression R that contain the identifiers of the entitiesassociated by each row of R. Each field list, F1 and F2, is annotated with theappropriate entity type of the entity that it represents. For example, the

Chapter 4 An Automated Query-Translation Methodology107following are the assignments of ERA and Fid for the relationship types of theFER schema in Figure 4.10 and the relational database implementations at sites Aand B (it is useful to review the FER schema in Figure 4.10 and the relationaldatabase schemas in Figure 4.11 when inspecting these specifications):

Site APerson-Last_Name ::= ERA = � PERSON� Fid = { Person([lname,fname]), String([lname]) }Person-Age ::= ERA = � PERSON�Fid = { Person([lname,fname]), Integer([age]) }MD-Patient ::= ERA = �PHYSICIAN-ROSTER� Fid = { Physician([md-lname,md-fname]), Patient([pt-lname,pt-fname]) }

Site BPerson-Last_Name::= ERA = �Union( Proj([ssn,last], Rename([pt-ssn -> ssn],PATIENT)), Proj( [ssn,last], Rename([md-ssn -> ssn],PHYSICIAN) ) )� Fid = { Person([ssn]), String([lname]) }Person-Age::= ERA = �Join([dob = date-of-birth], Union( Proj([ssn,dob], Rename([pt-ssn -> ssn],PATIENT)), Proj( [ssn,dob], Rename([md-ssn -> ssn],PHYSICIAN) ) ), DOB-AGE)� Fid = { Person([ssn]), Integer([age]) }MD-Patient ::= ERA = �PATIENT� Fid = { Physician([md-ssn]), Patient([pt-ssn]) }.

Chapter 4 An Automated Query-Translation Methodology108Note how the value of Fid for the relationship type MD-Patient at site A consistsof one field list annotated by �Physician� and one field list annotated by�Patient� because the relationship type MD-Patient associates instances of theentity type Physician with instances of the entity type Patient . In each row of therelational algebra expression for MD-Patient, the respective values of the fields[md-lname, md-fname] and [pt-lname, pt-fname] represent the identitiesof the physician and the patient associated by that instance of the relationshiptype. Several other points regarding the mappings for Person-Last_Name,Person-Age, and MD-Patient at sites A and B are noteworthy:1. At site A, one of the lists of field names in the Fid value is a subset ofthe other list. This is appropriate because the field [lname] thatrepresents each person’s last name in the table PERSON is part of the keyof that table, [lname,fname], which represents each person’s identity.In other words, the last name associated with each person at site Aeffectively can be derived from the unique identifier of the person.2. At site B, the UNION operator is required in the ERA values of therelationship types Person-Last_Name and Person-Age because thoserelationship types associate all instances of Person (whether they arepatients or physicians) with their names and their ages.3. Because site B does not explicitly store the ages of patients andphysicians, the ERA value of the relationship type Person-Age requiresa join to the virtual table DOB-AGE in order to derive the age (Section4.1.3.6 discusses virtual tables). DOB-AGE is a virtual table thatimplements the function �compute_age(),� which computes thedifference in years between an arbitrary date and the current date. Thevirtual table �DOB-AGE� and the function �compute_age()� must bedefined at the time the mappings are specified. For example, thefollowing definition of DOB-AGE is consistent with the mapping forPerson-Age at site B:DOB-Age = field functional definition date-of-birth: <no function> age: compute_age(date-of-birth).

Chapter 4 An Automated Query-Translation Methodology109Because relationships are themselves objects in the FER data model, eachmapping for a relationship type must denote the unique identifier of therelationship instances. Therefore, the semantic function for each relationship-type symbol, A, assigns a list of field names, FI, to the attribute �Id� such that FIdenotes the key of the relational algebra expression for the relationship type A.The same constraints apply to the Id values of relationship types as apply to theId values of entity types. The Id values of relationship types are important whenthe relationship types themselves participate in relationship types, as the FERdata model allows. The following are the assignments of Id for the relationshiptypes of the FER schema in Figure 4.10 and the relational databaseimplementations at sites A and B:

Site APerson-Last_Name ::= Id = [lname,fname]Person-Age ::= Id = [lname,fname,age]MD-Patient ::= Id = [md-lname,md-fname, pt-lname,pt-fname]

Site BPerson-Last_Name ::= Id = [ssn,last]Person-Age ::= Id = [ssn,age]MD-Patient ::= Id = [pt-ssn,md-ssn].Together, the ERA, Fid, and Id values for each relationship-type symbolcompletely specify how that relationship type is represented in a particularrelational database.The mappings for entity-type and relationship-type symbols, which are definedat each site in the manner I have just described, assign values to the terminalsymbols of a TransFER attribute grammar, thereby �customizing� the attributegrammar to a particular site. The assigned values, which consist of relationalalgebra expressions (the ERA values) and information about those expressions(the Id and Fid values), subsequently may be combined and manipulated by thesite-independent semantic functions of the attribute grammar to producerelational translations of arbitrary ReFER queries. In the following section, Iintroduce the site-independent semantic functions and describe how theytranslate valid ReFER expressions to semantically equivalent SQL queries.

Chapter 4 An Automated Query-Translation Methodology1104.3 Translating ReFER queries to SQL queriesRecall from Section 3.3.7 that any ReFER query of the formQuery ::= ’[’ Termlist ’|’ Decllist ’AND’ Predicate ’]’,in which Termlist, Decllist, and Predicate conform to the specifications of theReFER language, has the formal meaning ¨ n[Termlist, b] b˛B(Decllist, Predicate),where B(Decllist, Predicate) = { b : b ˛ B(Decllist) and t[Predicate, b] = TRUE}.Informally, the definition states that the result of a ReFER query is themultiunion of the values of the term list computed for each binding that isspecified in the declaration list and that fulfills the logical condition of thepredicate. I will refer to the term list, the declaration list, and the predicate thatmake up a ReFER query as the Termlist, Decllist, and Predicate components of thequery, respectively. For example, the ReFER query�[ last-name-of(pt), last-name-of(md) | (pt : Patient), (md : Physician) ANDMD-Patient(md,pt) ANDage-of(pt) > 55�returns the last names of each patient—physician pair in the database such thatthe physician is treating the patient and the patient is older than 55. The Termlistcomponent is �last-name-of(pt), last-name-of(md),� the Decllist component is�(pt : Patient), (md : Physician),� and the Predicate component is�MD-Patient(md,pt) AND age-of(pt) > 55.�To translate the ReFER query accurately to an SQL query, TransFER mustreproduce the semantics embodied in the formal definition of the ReFER query ina corresponding relational algebra expression. TransFER subsequently musttranslate the relational algebra expression to SQL. I discuss the first step inSections 4.3.1—3 and the second step in Section 4.3.4.

Chapter 4 An Automated Query-Translation Methodology1114.3.1 Translating to the relational algebra: an overviewA ReFER query is translated to a relational algebra expression by the site-independent semantic functions of the TransFER attribute grammar, whichcombine the site-specific mappings for entity types and relationship types toreproduce the meaning of any ReFER query. The site-independent semanticfunctions perform this translation by first specifying relational algebrasubexpressions for the Termlist, the Decllist, and the Predicate components of theReFER query; the semantic functions subsequently combine the subexpressionsby applying the JOIN operator. The result is a relational algebra expression thatreproduces the formal meaning of the ReFER query. I will describe how thesemantic functions specify the appropriate subexpressions for the Termlist,Decllist, and Predicate components of a ReFER query in Sections 4.3.2 and 4.3.3.In this section, I describe informally the relational algebra subexpressionsgenerated for the Termlist, Decllist, and Predicate components, and I describeinformally how the subexpressions are combined to reproduce the semantics ofthe original ReFER query. I hope to provide the reader with a high-levelunderstanding of the translation process before I delve into the details of thetranslation mechanism.4.3.1.1 Translations of ReFER query componentsThe meanings of the relational algebra subexpressions that are generated by thesemantic functions for the Termlist, the Decllist, and the Predicate components ofa ReFER query may be described informally as follows:1. Decllist: For the Decllist component, the semantic functions generatethe Cartesian product of the relational algebra mappings for each entitytype that appears in the declaration list. For example, the Decllistcomponent�(pt : Patient), (md : Physician)�of the sample query contains the entity types Patient and Physician;therefore, the semantic functions generate the Cartesian product of therelational algebra mappings for the entity type Patient and the entitytype Physician. Recall that the mapping for each entity type specifies arelational algebra expression (that is, a relational table) such that each

Chapter 4 An Automated Query-Translation Methodology112row of the table represents one instance of the mapped entity type (seeSection 4.2.1). I shall call these tables �mapping tables.� Each row ofthe mapping table for an entity type, therefore, represents one binding ofthe variable that is declared to range over that entity type. TheCartesian product of the mapping tables for each entity type in thedeclaration list, therefore, constitutes the Cartesian product of thebindings defined by each declaration in the declaration list. Thisconstruction reproduces precisely the semantics of Decllist in the ReFERquery language (see Section 3.3.3).2. Predicate: For the Predicate component, the semantic functions generatea relational algebra expression that contains one row for each binding ofthe variables in the predicate for which the predicate holds. Forexample, the Predicate component�MD-Patient(md,pt) AND age-of(pt) > 55�of the sample query results in a relational algebra expression thatcontains one row for each binding of the variables �md� and �pt� suchthat the physician bound to �md� is treating the patient bound to �pt�and the age of the patient bound to �pt� is greater than 55. Note that bynot containing any rows that represent bindings of �md� and �pt� forwhich the predicate fails, the relational algebra expression effectively�filters out� all such bindings. This expression, therefore, reproducesthe semantics of Predicate in the ReFER query language, as defined inSection 3.3.6. I describe the way in which the semantic functions of theattribute grammar filter out inappropriate bindings in Section 4.3.3.2.3. Termlist: For the Termlist component, the semantic functions generate arelational algebra expression that contains the values of the term listcomputed for all bindings of the variables that appear in the term list.In other words, the semantic functions perform no filtering of variablebindings, although such filtering may be specified in the Predicateclause of the query. For example, the Termlist component�last-name-of(pt), last-name-of(md)�

Chapter 4 An Automated Query-Translation Methodology113of the sample query results in a relational algebra expression thatcontains one row for each pair of bindings of �pt� and �md�; the rowcontains the unique identifiers of the patient and the physician entitiesto which the variables are bound and the last names associated withthese patient and physician entities. At a database site where socialsecurity numbers are used to identify persons, the Termlist of thesample query might result in the following relational table:

pt-ssn pt-last-name md-ssn md-last-name1234Smythe 5678Collins5432Brooks9876Matic1234Smythe4444CollinsNote that the table corresponding to the term list contains one row forevery binding of �pt� and �md� although the query in which the termlist appears includes the predicate �age-of(pt) > 55,� which specifiesthat only certain bindings of �pt� should be used to compute the resultsof the query. The filtering specified by the predicate is applied to theterm list later.4.3.1.2 Combining the translations of ReFER query componentsGiven the meanings of the relational algebra subexpressions generated for theTermlist, Decllist, and Predicate components of a ReFER query, the semanticfunctions of the attribute grammar reproduce the meaning of the entire ReFERquery by combining the subexpressions in the following manner:1. The subexpression for the Decllist is joined to the subexpression for thePredicate. Because the Decllist subexpression contains one row for eachbinding of the declared variables whereas the Predicate subexpressioncontains rows for only those bindings that satisfy the predicate, theeffect of the join is to produce the intersection of the set of all bindingsand the set of bindings that satisfy the predicate. The resultingexpression contains one row for each binding that (1) is defined by thedeclaration list and (2) satisfies the predicate; this set of bindings is, infact, equivalent to the set of bindings for which the Termlist should be

Chapter 4 An Automated Query-Translation Methodology114evaluated according to the semantics of the ReFER query language (asdefined in Section 3.3.7):{ b : b ˛ B(Decllist) and t[Predicate, b] = TRUE}.For example, in the sample query, the relational subexpression for theDecllist �(pt : Patient), (md : Physician)� is joined to the relationalsubexpression for the Predicate �MD-Patient(pt,md) AND age-of(pt) >55.� The subexpression for the Decllist contains the Cartesian productof all Patient and Physician entities, whereas the subexpression for thePredicate contains only the pairs of Physician and Patient entities suchthat the entities are associated by the MD-Patient relationship type andthe Patient entity is over the age of 55. The subexpressions are joined onthe respective fields in each expression that contain the identifiers of thePhysician and Patient entities (the semantic functions of the attributegrammar keep track of these sets of field names for each expression, asdescribed in Section 4.3.2.1). Recall that the join of two tables simplydrops all rows in either table that do not have corresponding rows inthe other table. In this manner, the join �filters out� all of the bindingsdefined by the declaration list that do not satisfy the predicate. A join ofthe subexpressions for the Decllist and the Predicate of the samplequery, therefore, produces the pairs of Patient and Physician entitiessuch that the Physician entity is treating the Patient entity and thePatient entity has an age greater than 55. I call the relational algebraexpression produced by joining the Decllist and the Predicatesubexpressions the �Range.� The Range expression contains preciselythe set of bindings for which the term list should be evaluatedaccording to the semantics of the ReFER query language.2. The expression for the Termlist is joined to the Range expression.Because the Termlist expression contains the values of the term listcomputed for all bindings, whereas the Range expression contains onlythose bindings that satisfy the predicate, joining the expressionsproduces the values of the term list computed for only those bindingsthat satisfy the predicate. For example, in the sample query, therelational subexpression for the Termlist clause

Chapter 4 An Automated Query-Translation Methodology115�last-name-of(pt), last-name-of(md)�is joined to the Range subexpression, which contains only those pairs ofbindings for �pt� and �md� that satisfy the Predicate. Thesubexpressions are joined on the respective fields in each expressionthat contain the identifiers of the Patient and the Physician entities (thesemantic functions of the attribute grammar keep track of these fieldnames for each expression). Again, the effect of the relational join is to�filter out� all of the rows in the Termlist expression containingbindings of �pt� and �md� that do not appear in the Range expression.The resulting expression contains the values of the term list computedonly for the set of variable bindings that appear in the Rangeexpression. This is almost the correct result of the query, but one moreoperation is required.3. The values of the Termlist expression are multiprojected. Recall that,for the sample query, each row of the Termlist expression contains thebindings of �pt� and �md� as well as the pair of last names associatedwith those bindings. The meaning of the query, however, isrepresented by only the pair of last names, so the multiproject operatormust be applied to return only those fields. A multiprojection isspecified rather than a projection because the formal meaning of ReFERqueries is specified as the multiunion of generated values (see Section3.3.7).For example, the result of the sample query is computed bymultiprojecting only the fields �pt-last-name� and �md-last-name�:

pt-last-name md-last-nameSmythe CollinsBrooksMaticSmytheCollinsThe multiprojection is the final step in the translation process and theresulting relational algebra expression accurately represents thesemantics of the ReFER query.

Chapter 4 An Automated Query-Translation Methodology116By first generating relational algebra subexpressions with the appropriatemeanings for the Termlist, Decllist, and Predicate components of a ReFER queryand by subsequently joining these subexpressions on the appropriate fields, thesemantic functions of the attribute grammar succeed in reproducing thesemantics of the original ReFER query. In the following section, I describe indetail how the semantic functions of the attribute grammar generate the correctrelational algebra subexpressions for the Termlist, Decllist, and Predicatecomponents and how the semantic functions manage the names of the relevantfields in each subexpression.4.3.2 Site-independent semantic functionsThe site-independent semantic functions of a TransFER attribute grammarcombine the relational algebra expressions defined by the site-specific semanticfunctions to generate relational translations of arbitrary ReFER queries. Like thesite-specific semantic functions, each site-independent semantic functiongenerates a relational algebra expression (that is, table) and relevant informationabout that expression. Unlike the site-specific semantic functions, the site-independent semantic functions are not customized for specific relationaldatabase schemas; the same set of semantic functions appears in the TransFERattribute grammar at every site. The site-independent semantic functions arealso different from their site-specific counterparts in that they may specifyexpressions that include references to the attributes of grammar symbols assigned byother semantic functions. For example, the following semantic function for thegrammar symbol �Predicate� includes references to the attributes of thegrammar symbols �Term� and �Op� (the context-free grammar rule for thesymbol �Predicate� appears first, followed by the semantic function for thatsymbol’s attribute �Predicate.ERA.�):Grammar rule:Predicate ::= Term1 Op Term2 Semantic function:Predicate.ERA = Join( [Term1.Id Op.value Term2.Id], Term1.ERA, Term2.ERA )Note that the arguments to the relational algebra JOIN operator are not relationaltables, fields, and comparators (as the syntax of the relational algebra specifies),

Chapter 4 An Automated Query-Translation Methodology117but references to the attributes of grammar symbols on the right-hand side of thegrammar rule. The values of these attributes represent relational tables, fields,and comparators; they must be computed recursively by the semantic functionsfor the grammar symbols �Term� and �Op.� I will show how these referencesare used to generate valid relational algebra expressions in Section 4.3.3.4.3.2.1 The attribute �Vid�In Section 4.2, I described how site-specific semantic functions assign values tothe attributes �ERA,� �Id,� and �Fid� for grammar symbols that denote entitytypes and relationship types. Site-independent semantic functions assign valuesto the same attributes for all of the other symbols in the ReFER attribute grammar(such as �Term,� �Predicate,� and �Decl�). Additionally, site-independentsemantic functions assign values to an attribute named �Vid.� The value of theVid (�variable Id�) attribute denotes the fields of a relational algebra expressionthat represent the bindings of the variables that appear in the correspondingReFER expression. The value of Vid is a set of pairs, in which each element hasthe form �(var, field-list),� where �var� denotes a variable and �field-list�denotes the relational fields that represent the bindings of that variable. Forexample, in Section 4.3.1.1, I presented the following table to represent therelational translation of the Termlist clause �last-name-of(pt), last-name-of(md)�for a database site in which social security numbers are used to identify persons:

pt-ssn pt-last-name md-ssn md-last-name1234Smythe 5678Collins5432Brooks9876Matic1234Smythe4444Simmons.The table contains the last names of pairs of Patients and Physician entities. Thevalue of the Vid attribute for this relational algebra expression is{ (pt, [pt-ssn]), (md, [md-ssn]) },because the ReFER term list �last-name-of(pt), last-name-of(md)� contains thevariables �pt� and �md,� and the bindings of these variables in the relationaltable are represented by the values of the fields �pt-ssn� and �md-ssn,�respectively. By denoting which fields of a relational algebra expressionrepresent the bindings of the variables that appear in the corresponding ReFER

Chapter 4 An Automated Query-Translation Methodology118expression, the TransFER attribute grammar can filter out unwanted bindings byspecifying SELECT and JOIN operations that involve those fields. This capability iscritical for reproducing the semantics of ReFER queries in relational algebraexpressions.4.3.2.2 Site-independent semantic functions: an exampleI now introduce the structure and operation of site-independent semanticfunctions through an example. The following semantic functions generate therelational translation of ReFER predicates that compare two terms, such as �pt =md� (again, the context-free grammar rule for the symbol appears first, followedby the semantic functions that define each attribute of the symbol):Grammar rule:Predicate ::= Term1 Op Term2 Semantic functions:Predicate.ERA = Join( [Term1.Id Op.value Term2.Id], Term1.ERA, Term2.ERA )Predicate.Id = ˘Predicate.Vid = Term1.Vid ¨ Term2.VidPredicate.Fid = ˘The grammar rule parses the ReFER predicate �pt = md� because �pt� and �md�are variables (which are terms) and �=� is a valid comparison operator. Thesemantic function for the attribute �ERA� specifies a JOIN operation thatreferences the Id and ERA attributes of the two terms that are compared in thepredicate. The semantic functions that define the Id and ERA attributes of thesetwo terms may themselves reference the attributes of other terms. The recursionterminates when the grammar reaches a symbol that represents an entity type ora relationship type, because the semantic functions for entity-type andrelationship-type symbols specify operations over the base tables and fields of arelational database (see Section 4.2). The semantic function for the attribute�Vid� computes the union of the Vid values for the two terms that are comparedby the predicate, thereby producing a set of field lists that represents thebindings of all variables that appear in the ReFER predicate. For example, if theVid value of Term1 were { (pt, [pt-ssn]) } and the Vid value of Term2 were{ (md, [md-ssn]) }, the union of these values would produce the Vid value { (pt,

Chapter 4 An Automated Query-Translation Methodology119[pt-ssn]), (md, [md-ssn]) }. Lastly, the semantic functions for the attributes�Id� and �Fid� indicate that the values of these attributes are NULL becausepredicates (unlike terms) have no unique identifiers or foreign identifiers.As an example of how the semantic functions operate, consider the relationaltranslation of the ReFER expression �pt = md�.The grammar rule parses this expression as a Predicate clause, with �pt� asTerm1, �md� as Term2, and �=� as Op. The semantic functions for thenonterminal symbols �Term� and �Op� assign appropriate values to eachattribute of �pt,� �md,� and �=� (the semantic functions for �Term� and �Op�appear in Appendix B). Let us assume that the semantic functions have assignedthe following attribute values for the expressions �pt,� �md,� and �=� (theseassignments are consistent with the entity-type mappings for the relationalschema Site B in Figure 4.11, assuming that the variable �pt� is declared to rangeover the entity type Patient and the variable �md� is declared to range over theentity type Physician):�pt�:Term.ERA = Proj( [pt-ssn], PATIENT)Term.Id = [pt-ssn]Term.Vid = { (pt, [pt-ssn]) }Term.Fid = ˘�md�:Term.ERA = PHYSICIANTerm.Id = [md-ssn]Term.Vid = { (md, [md-ssn]) }Term.Fid = ˘�=�:Op.value = �=�When the attribute grammar substitutes the referenced values of the attributesinto the semantic function definitions, the semantic functions generate thefollowing relational algebra translation for the predicate �pt = md�:�pt = md�:Predicate.ERA = Join( [ pt-ssn = md-ssn ], Proj( [pt-ssn], PATIENT), PHYSICIAN)Predicate.Id = ˘

Chapter 4 An Automated Query-Translation Methodology120Predicate.Vid = { (pt, [pt-ssn]), (md, [md-ssn]) }Term.Fid = ˘Informally, the relational algebra translation of the predicate �pt = md� joins thetable representing the Patient entity type with the table representing thePhysician entity type on those fields that uniquely identify Patient and Physicianentities in the respective tables; the result is a table that contains only rows inwhich the field that represents the binding of the variable �pt� equals the fieldthat represents the binding of the variable �md�; that is, the table contains onlyrows representing pairs of Patient and Physician entities such that the Patiententity is the same as the Physician entity. In other words, the relational algebratranslation of �pt = md� generates all the bindings of �pt� and �md� such thatthe predicate �pt = md� is true. This set of bindings is used later in the query-translation process to filter out the bindings for which the predicate does nothold (as described in Section 4.3.1). Note that the relational database at Site B inFigure 4.11 contains no persons who are both physicians and patients, so that nobindings �pt� and �md� satisfy the predicate �md = pt�; the relational algebraexpression generated by the semantic functions for the predicate �pt = md,�therefore, will return no rows at Site B.4.3.2.3 Expanding predicates in relational algebra expressionsWe have seen that site-independent semantic functions for the attribute �ERA�may define conditions in JOIN expressions that reference the Id attributes of othergrammar symbols. For example, the JOIN condition in the semantic functionPredicate.ERA =Join( [Term1.Id Op.value Term2.Id], Term1.ERA, Term2.ERA )references the Id attributes of Term1 and Term2. In general, JOIN conditions insite-independent semantic functions may compare the Id, Vid, or Fid attributes ofgrammar symbols. Because the values of these attributes, in general, may be listsof field names (rather than a single field name, as was the case in Section 4.3.2.2),the values of the attributes (such as [fname,lname]) cannot simply replacesyntactically the corresponding references to these values (such as Term1.Id)because the results may not be valid relational algebra expressions. For example,

Chapter 4 An Automated Query-Translation Methodology121if Term1.Id = [fname,lname] (a list of two fields) and Term2.Id = [first,last](also a list of two fields), the syntactic substitution of Term1.Id and Term2.Id withtheir corresponding field lists in the condition [Term1.Id = Term2.Id] producesthe condition[ fname,lname = first,last ].This expression is not a valid JOIN condition in the syntax of relational algebra.To generate valid relational algebra JOIN conditions, the semantic functions mustexpand comparisons of attribute values that consist of multiple field names intoconjunctions of comparisons for each pair of corresponding field names:[ fname,lname = first,last ] � [ fname = first and lname = last ].The semantic functions perform a similar expansion for cases where the values ofFid attributes are compared. Because the values of Vid attributes may be sets offield lists, in which each field list is associated with a variable, the expansion ofVid values is a little different. Specifically, the semantics of the predicate[ Term1.Vid = Term2.Vid ]specify that the field lists associated with each variable that is common to both Vidvalues are compared, and that the predicate expressions for each suchcomparison are conjoined into a single predicate. For example, ifTerm1.Vid ={ (pt, [fname,lname]), (md, [first,last]) } andTerm2.Vid ={ (pt, [Fst_name,Lst_name]) },then the expression [ Term1.Vid = Term2.Vid ] is expanded into[ fname = Fst_name and lname = Lst_name ],because the Vid values for Term1 and Term2 have the variable �pt� in common,and the field lists associated with the variable �pt� are [fname,lname] and[Fst_name,Lst_name], respectively. The rationale for these expansion ruleswill become evident with the sample query translation that appears in the nextsection.

Chapter 4 An Automated Query-Translation Methodology1224.3.3 A sample translationI will show how the site-independent semantic functions of the TransFERattribute grammar perform query translations in general by tracing thetranslation of a sample ReFER query at two different database sites. The sampleReFER query requests the last names of all patients who are over the age of 35:[ last-name-of(pt) | (pt : Patient) AND age-of(pt) > 35 ].The sample query is formulated with respect to the FER schema in Figure 4.12(recall that the entity type Patient inherits the relationship types Person-Age andPerson-Last_Name).Figure 4.12: A sample FER schema describing a part of the clinical domain. The FERschema represents the information content of both of the relational database schemasshown in Figure 4.14.The TransFER attribute grammar decomposes the ReFER query into the threesyntactic components Termlist, Decllist, and Predicate (as shown in Figure 4.13)and generates a relational algebra translation for each component. The attributegrammar subsequently combines the relational algebra translations in a mannerthat reproduces the semantics of the ReFER query, as I described informally inSection 4.3.1.

Chapter 4 An Automated Query-Translation Methodology123

’(pt : Patient) AND age-of(pt) > 35’ { Range}

’[ last-name-of(pt) | (pt : Patient) AND age-of(pt) > 35]’ {Query}

’last-name-of(pt)’ {Termlist}

’age-of(pt) > 35’ {Predicate}

’(pt : Patient)’ {Decllist}

Figure 4.13: A portion of the parse tree for a sample ReFER query The context-freegrammar of the ReFER query language decomposes the query into a Termlist, Decllist,and Predicate component (labeled in braces). The combination of the Decllist andPredicate components constitutes the Range component.In the following sections, I will show how the semantic functions of the attributegrammar generate the appropriate relational algebra expressions for each of thethree components and how the semantic functions combine the expressions toreproduce the semantics of the ReFER query. I will trace the operation of theTransFER attribute grammar with respect to each of the relational databases thatappear in Figure 4.14. Note that the relational schemas in Figure 4.14 are thesame schemas for which I formulated site-specific mappings in Section 4.2. Thesite-independent semantic functions that I describe in the following sections willuse these site-specific mappings to generate the correct relational translations ateach site for the Termlist, Decllist, and Predicate components of the query.

Chapter 4 An Automated Query-Translation Methodology124Figure 4.14: Two heterogeneous relational database schemas The FER schema in Figure4.12 describes the information content of both relational schemas. The semantic functionsof the TransFER attribute grammar can translate the ReFER query �last-name-of(pt) | (pt: Patient) AND age-of(pt) > 35� into a pair of semantically equivalent relational algebraexpressions that are specific to each site.4.3.3.1 The Decllist componentRecall from Section 4.3.1.1 that the relational translation of a declaration listrepresents the Cartesian product of all the bindings of the variables declared inthe declaration list. The attribute grammar generates the bindings for thevariable in an individual declaration by applying the following semanticfunctions:Grammar rule:Decl ::= ’(’ Var ’:’ Entity_Type ’)’Semantic functions:Decl.ERA = Entity_Type.ERADecl.Id = ˘Decl.Vid = { (Var.value, Entity_Type.Id) }Decl.Fid = ˘Enter_Symbol_Table(Var.value, Entity_Type)

Chapter 4 An Automated Query-Translation Methodology125The relational algebra expression (that is, ERA value) generated by the semanticfunctions for each declaration is equivalent to the relational algebra expressionspecified in the mapping for the entity type that appears in the declaration. Forexample, the relational algebra translation of the declaration �(pt : Patient)� isequivalent to the relational mapping of the entity type Patient. The semanticfunctions generate a Vid value for each declaration that associates the declaredvariable with the key fields of the relational algebra translation for the entity typein the declaration; this association specifies that the binding of the declaredvariable in each row of the relational algebra expression is expressed by thevalues of the key fields. As a side effect, the semantic functions also enter theassociation between the variable and its declared entity type in a symbol table sothat other semantic functions that manipulate the variable can determine theentity type to which it corresponds.When a declaration list consists of only one declaration, there is no need tocompute a Cartesian product; the relational algebra expression for thedeclaration list is identical to the expression for the declaration. This equivalenceis represented by the following semantic functions:Grammar rule:Decllist ::= DeclSemantic functions:Decllist.ERA = Decl.ERADecllist.Id = Decl.IdDecllist.Vid = Decl.VidDecllist.Fid = Decl.FidGiven these definitions and the mappings for the entity type Patient specified inSection 4.2, the semantic functions generate the following relational algebratranslations for the declaration list �(pt : Patient)� at Site A and Site B:

Site A�(pt : Patient)� : Decllist.ERA = Sel([type = �pt�], PERSON)Decllist.Id = ˘Decllist.Vid = { (pt, [ lname,fname]) }Decllist.Fid = ˘

Chapter 4 An Automated Query-Translation Methodology126

Site B�(pt : Patient)� : Decllist.ERA = Proj( [pt-ssn], PATIENT)Decllist.Id = ˘Decllist.Vid = { (pt, [ pt-ssn ]) }Decllist.Fid = ˘Figure 4.15 shows the tables generated by the semantic functions for thedeclaration list �(pt : Patient)� at site A and site B. Note that the table at each sitecontains one row for each patient that appears in the database. These tablesrepresent the relational algebra translations for the Decllist component of thequery.

pt-ssn149584223216426077Site BtypeptptPhilCarolfnameSmytheFlynnlnameage3833Site AFigure 4.15: The relational algebra translations of the declaration list �(pt : Patient)� forthe two relational databases shown in Figure 4.14.4.3.3.2 The Predicate componentRecall from Section 4.3.1.1 that the relational translation of a predicate containsall bindings of the variables in the predicate for which the predicate is true. Tocompute this set, the semantic functions of the attribute grammar decomposepredicates into their constituent syntactic parts, generate relational algebraexpressions for each part, and subsequently combine the expressions such thatonly those bindings that satisfy the predicate appear in the result. The parse treefor the ReFER predicate �age-of(pt) > 55,� which is shown in Figure 4.16, showsthat the predicate is decomposed into a variable, a function, a comparisonoperator, and a constant.

Chapter 4 An Automated Query-Translation Methodology127

’age-of(pt) > 35’ {Predicate}

’age-of(pt)’ {Term}

’pt’ {Term}

’age-of’ {Function}

’pt’ {Variable}

’35’ {Term}

’35’ {Constant}

’>’ {Operator}Figure 4.16: The parse tree for the Predicate component of the ReFER query. Thecontext-free grammar decomposes the Predicate component into its constituent Function,Variable, Operator, and Constant components (labeled in braces).The relational algebra expression for the variable �pt� is specified by thefollowing semantic functions (recall that variables are, themselves, terms):Grammar rule:Term ::= Var Semantic functions:Entity_Type = Lookup_Symbol_Table(Var.value)Term.ERA = Entity_Type.ERATerm.Id = Entity_Type.IdTerm.Vid = { (Variable.value, Entity_Type.Id) }Term.Fid = Entity_Type.FidFor each variable, the semantic functions generate a relational algebra expressionthat is equivalent to the mapping specified for the entity type over which thevariable ranges. The first semantic function retrieves the identity of this entitytype from the symbol table. The semantic functions generate a Vid value thatassociates the variable with the key fields of the relational algebra mapping forthe entity type. Given these definitions and the mappings for the entity typePatient specified in Section 4.2, the semantic functions generate the followingrelational algebra translations of the term �pt� at site A and site B:

Site A�pt� ::= Term.ERA = Sel([type = �pt�], PERSON)Term.Id = ˘Term.Vid = { (pt, [ lname,fname]) }Term.Fid = ˘

Chapter 4 An Automated Query-Translation Methodology128

Site B�pt� ::= Term.ERA = Proj( [pt-ssn], PATIENT)Term.Id = ˘Term.Vid = { (pt, [ pt-ssn ]) }Term.Fid = ˘The relational algebra translation of a term consisting of a relationship functionapplied to a variable (such as �age-of(pt)�) is specified by the following semanticfunctions:Grammar rule:Term1 ::= Function ’(’ Term2 ’)’ Semantic functions:Relationship = Function.relationshipSource_Type = Function.sourceTarget_Type = Function.targetTerm1.ERA = Join( [ Term2.Id = Relationship.Fid(Source_Type) ], Term2.ERA, Relationship.ERA)Term1.Id = Relationship.Fid(Target_Type)Term1.Vid = Term2.VidTerm1.Fid = ˘Recall that each relationship function of an FER schema is associated with an FERrelationship type and maps from one FER entity type (the �source� entity type)to another FER entity type (the �target� entity type). For example, therelationship function �age-of� is associated with the relationship type �Person-Age,� and maps from the source entity type �Person� to the target entity type�Integer� (see the FER schema in Figure 4.12). The first three semantic functionsdetermine the relationship type, source entity type, and target entity typeassociated with a relationship function, as specified by the FER schema. Thevalues of these parameters are substituted into the semantic functions thatdetermine the ERA, Id, and Vid attribute values for the symbol �Term1.� Thesemantic functions evaluate references of the form �Relationship.Fid(<entitytype>)� by returning the list of fields corresponding to <entity type> in the valueof the Fid attribute for the relationship type. For example, the relational algebramapping for the relationship type �Person-Age� at Site A is the following:

Chapter 4 An Automated Query-Translation Methodology129�Person-Age�:Relationship.ERA = PERSONRelationship.Id = ˘Relationship.Vid = ˘Relationship.Fid = { Person([lname,fname], Integer([age]) }Given this mapping, the value of Relationship.Fid(Person) is the field list[lname,fname] and the value of Relationship.Fid(Integer) is the field list [age].Based on (1) the mappings specified in Section 4.2 for the relationship typePerson-Age and (2) the relational algebra expressions previously computed forthe term �pt,� the semantic functions generate the following relational algebratranslations of the term �age-of(pt)� at site A and site B:

Site A�age-of(pt)� : Term.ERA = Join( [lname = lname� and fname = fname�], Sel([type = �pt�], PERSON), PERSON�)Term.Id = [age�]Term.Vid = { (pt, [ lname,fname]) }Term.Fid = ˘

Site B�age-of(pt)� : Term.ERA = Join( [ pt-ssn = pt-ssn],Proj( [pt-ssn], PATIENT),Join([dob = date-of-birth], Union(Proj([ssn,dob],Rename([pt-ssn� => ssn], PATIENT�)), Proj([ssn,dob],Rename([md-ssn => ssn], PHYSICIAN)), DOB-AGE))Term.Id = [age]Term.Vid = { (pt, [ pt-ssn ]) }Term.Fid = ˘

Chapter 4 An Automated Query-Translation Methodology130Note that when the same table appears twice in a relational algebra expression,the semantic functions implicitly rename one instance of the table (as well as anyfield names corresponding to that table); the renaming assures that references toseparate instances of tables and fields are distinct (in the case of site A, renamingentails adding the prime symbol (�) to the table name PERSON and to the fieldnames lname, fname, and age). Figure 4.17 shows the tables generated by thesemantic functions for the term �age-of(pt)� at site A and site B.

12-2-573-25-62date-of-birthpt-ssn14958422321642607712-2-57dob3-25-62ssn149584223216426077 Sm yth e Fl ynn ln ame age 38 33 ty pe� pt pt Ph il Ca rol fn ame � ln ame � ag e� 38 33 Ph il Ca ro l Sm yth e Fl ynnFigure 4.17: The relational algebra translations of the term �age-of(pt)�for the tworelational databases shown in Figure 4.14. The semantic functions generate these tablesby first substituting all references to attributes with their appropriate values andsubsequently evaluating the resulting relational algebra expressions.The relational algebra expression for any constant that appears in a ReFER queryis a constant relation, that is, a relation that consists of one field and one row[Maier 1983 p. 26]; the value of the field is the value of the constant. The name ofthe field is defined arbitrarily to be �constant-field.� The following semanticfunctions generate a constant relation to represent the relational algebratranslation of any ReFER term that is a constant:Grammar rule:Term ::= ConstantSemantic functions:Term.ERA = Constant_relation(Constant.value)Term.Id = [constant-field]Term.Vid = ˘Term.Fid = ˘

Chapter 4 An Automated Query-Translation Methodology131Because constant terms contain no variables, the value of the Vid attribute isNULL. Given this definition, the semantic functions generate the followingrelational algebra translation of the constant �35� at both site A and site B (theexpressions are the same at both sites because no site-specific mappings arereferenced):�35�:Term.ERA = Constant_relation(�35�)Term.Id = [constant-field]Term.Vid = ˘Term.Fid = ˘Constant relations may appear in relational algebra expressions anywhere thatconventional tables may appear. This is an important property because constantsmay appear in ReFER queries anywhere that terms may appear. The relationalalgebra translations of constants, therefore, must be consistent with thetranslations for any other terms, such as variables or functions. For example, theconstant �35� appears as one of the terms that is compared in the predicate �age-of(pt) > 35.�Recall that the semantic functions for translating any predicate that comparestwo terms, which I first presented in Section 4.3.2.2, specify a join of the relationalalgebra translations for each term (note that the relational algebra translation forthe constant �35� must be a relational table for the JOIN operation to be a valid):Grammar rule:Predicate ::= Term1 Op Term2 Semantic functions:Predicate.ERA = Join( [Term1.Id Op.value Term2.Id], Term1.ERA, Term2.ERA )Predicate.Id = ˘Predicate.Vid = Term1.Vid ¨ Term2.VidPredicate.Fid = ˘Given these semantic-function definitions and the relational algebra expressionsgenerated for the terms �age-of(pt)� and �35,� the semantic functions generatethe following relational algebra translations for the predicate �age-of(pt) > 35� atsite A and site B:

Chapter 4 An Automated Query-Translation Methodology132

Site A�age-of(pt) > 35� :Term.ERA = Join( [ age� > constant-field ], Join( [lname = lname� and fname = fname�], Sel([type = �pt�], PERSON), PERSON�), Constant_relation(�35�))Term.Id = ˘Term.Vid = { (pt, [lname,fname]) }Term.Fid = ˘

Site B�age-of(pt) > 35� : Term.ERA = Join( [ age > constant-field ], Join( [ pt-ssn = pt-ssn], Proj( [pt-ssn], PATIENT), Join([dob = date-of-birth], Union(Proj([ssn,dob], Rename([pt-ssn� => ssn], PATIENT�)), Proj([ssn,dob], Rename([md-ssn => ssn], PHYSICIAN)), DOB-AGE)), Constant_relation(�35�))Term.Id = [age]Term.Vid = { (pt, [pt-ssn]) }Term.Fid = ˘Figure 4.18 shows the tables generated by the semantic functions for thepredicate �age-of(pt) > 35� at site A and site B. Compare these tables to thetables in Figure 4.17 and note how the JOIN conditions specified in the semanticfunctions �filtered out� the bindings of the variable �pt� that did not satisfy thelogic of the predicate (in Figures 4.17 and 4.18, the bindings of the variable �pt�are denoted by the values of the fields [lname,fname] at Site A and the value ofthe field [pt-ssn] at Site B). The resulting tables represent the relational algebratranslations for the Predicate component of the ReFER query.

Chapter 4 An Automated Query-Translation Methodology133

12-2-57date-of-birthpt-ssn14958422312-2-57dobssn149584223age3835constant-fieldSite BSite Atype

38 ty pe� pt Ph il fn ame � ln ame � ag e� 38 Ph il Sm yth e 35 co nst ant -fie

ldFigure 4.18: The relational algebra translations for the predicate �age-of(pt) > 35� for thetwo relational databases shown in Figure 4.14.4.3.3.3 The Termlist componentRecall from Section 4.3.1.1 that the semantic functions generate a relationalalgebra expression for the Termlist component that contains the values of theterm list computed for all bindings of the variables that appear in the term list.The parse tree for the ReFER term list �last-name-of(pt)� is shown in Figure 4.19.

’last-name-of(pt)’ {Term}

’pt’ {Term}’name-of’ {Function}

’pt’ {Variable}’last-name-of(pt)’ {Termlist}

Figure 4.19: The parse tree for the Termlist component of a sample ReFER query. Thecontext-free grammar decomposes the Termlist component into its constituent Functionand Variable components (labeled in braces) . The parse tree indicates that the relationalalgebra translation of a term list that consists of only one term is the relational algebratranslation of that term.For term lists consisting of only one term, the relational algebra translation isequivalent to the relational algebra translation of that term. This equivalence isrepresented by the following semantic functions:Grammar rule:Termlist ::= Term

Chapter 4 An Automated Query-Translation Methodology134Semantic functions:Termlist.ERA = Term.ERATermlist.Id = Term.IdTermlist.Vid = Term.VidTermlist.Fid = Term.FidGiven this equivalence, the following semantic functions are applied again togenerate the appropriate relational translation of the term list �last-name-of(pt)�:Grammar rule:Term1 ::= Function ’(’ Term2 ’)’ Semantic functions:Relationship = Function.relationshipSource_Type = Function.sourceTarget_Type = Function.targetTerm1.ERA = Join( [ Term2.Id = Relationship.Fid(Source_Type) ], Term2.ERA, Relationship.ERA)Term1.Id = Relationship.Fid(Target_Type)Term1.Vid = Term2.VidTerm1.Fid = ˘In this case, the relationship type associated with the function �last-name-of� isPerson-Last_Name, the source entity type is Person, and the target entity type isString. Given these semantic-function definitions and the mappings for therelationship type Person-Last_Name at site A and site B, the semantic functionsgenerate the following relational algebra translations for the term list �last-name-of(pt)�:

Site A�last-name-of(pt)� :Term.ERA = Join( [lname = lname� and fname = fname�], Sel([type = �pt�], PERSON), PERSON�),Term.Id = [lname�]Term.Vid = { (pt, [lname,fname]) }Term.Fid = ˘

Chapter 4 An Automated Query-Translation Methodology135

Site B�last-name-of(pt)� : Term.ERA = Join( [ pt-ssn = ssn], Proj( [pt-ssn], PATIENT), Union(Proj([ssn,last], Rename([pt-ssn� => ssn], PATIENT�)), Proj([ssn,last], Rename([md-ssn => ssn], PHYSICIAN)))),Term.Id = [last]Term.Vid = { (pt, [pt-ssn]) }Term.Fid = ˘Figure 4.20 shows the tables generated by the semantic functions for the term list�last-name-of(pt)� at site A and site B. These tables represent the relationalalgebra translations of the Termlist component of the query.

pt-ssn149584223216426077lastssn149584223216426077SmytheFlynnSite BSite AtypeptptfnameSmyth

pt Ph il Ca rol fn ame � ln ame � ag e� 38 33 Ph il Ca ro l Sm yth e Fl ynnFigure 4.20: The relational algebra translations of the term list�last-name-of(pt)� for thetwo relational databases shown in Figure 4.14.4.3.3.4 The Range expressionRecall from Section 4.3.1.2 that the semantic functions of the attribute grammarjoin the expression generated for the Decllist component to the expressiongenerated for the Predicate component to compute the set of bindings for whichthe Termlist component of a query should be evaluated. I defined the result of

Chapter 4 An Automated Query-Translation Methodology136this JOIN operation as the �Range� expression. The following semantic functionsspecify the operations required to generate the Range expression:Grammar rule:Range ::= Decllist ’AND’ Predicate Semantic functions:Range.ERA = Join( [Decllist.Vid = Predicate.Vid], Decllist.ERA, Predicate.ERA )Range.Id = ˘Range.Vid = Decllist.Vid ¨ Predicate.VidRange.Fid = ˘The semantic functions join the relational algebra translations of the Decllist andthe Predicate components on the values of their respective Vid attributes; this isbecause the field lists denoted by the Vid values contain the variable bindingsthat are represented in each relational table. By only including in the result thosevariable bindings that appear in the relational algebra translation for thePredicate component, the semantic functions effectively �filter out� any bindingsspecified in the Decllist component that do not satisfy the logic of the predicate.These are precisely the semantics of the ReFER query language for the Rangecomponent. Given these semantic-function definitions and the relational algebraexpressions generated for the Decllist and Predicate components, the semanticfunctions defined for the Range component generate the following relationalalgebra translations for �(pt : Patient) AND age-of(pt) > 35� at site A and site B:

Site A�(pt : Patient) AND age-of(pt) > 35�:Term.ERA = Join( [ lname� = lname and fname� = fname], Sel([type� = �pt�], PERSON�) Join( [ age� > constant-field ], Join( [lname = lname� and fname = fname�], Sel([type = �pt�], PERSON), PERSON�), Constant_relation(�35�)))Term.Id = ˘Term.Vid = { (pt, [lname,fname]) }Term.Fid = ˘

Chapter 4 An Automated Query-Translation Methodology137

Site B�(pt : Patient) AND age-of(pt) > 35�: Term.ERA = Join( [pt-ssn� = pt-ssn], Proj( [pt-ssn�], PATIENT�) Join( [ age� > constant-field ], Join( [ pt-ssn = pt-ssn�], Proj( [pt-ssn], PATIENT), Join([dob = date-of-birth], Union(Proj([ssn,dob], Rename([pt-ssn� => ssn], PATIENT�)), Proj([ssn,dob], Rename([md-ssn => ssn], PHYSICIAN)), DOB-AGE)), Constant_relation(�35�)))Term.Id = ˘Term.Vid = { (pt, [pt-ssn]) }Term.Fid = ˘Note the renaming of certain tables and fields with the double-prime symbol (�)in these relational algebra expressions; the renaming is performed again todistinguish separate instances of identically named tables and fields. Figure 4.21shows the tables generated by the semantic functions for the Range expression�(pt : Patient) AND age-of(pt) > 35� at site A and site B. Compare these tables tothe tables in Figure 4.15 and note how the JOIN conditions specified in thesemantic functions �filtered out� the bindings of the variable �pt� that did notsatisfy the logic of the predicate (in Figures 4.15 and 4.21, the bindings of thevariable �pt� are denoted by the values of the fields [lname,fname] at Site Aand the value of the field [pt-ssn] at Site B). The resulting tables represent therelational algebra translations of the Range component of the query.

Chapter 4 An Automated Query-Translation Methodology138

pt-ssn149584223ssn14958422335constant-fieldpt-ssn�149584223Site BSite AfnameSmythelnamePhilfn e 35 co nst ant -fie ld fn ame � Sm yth e ln ame � Ph ilFigure 4.21: The relational algebra translations of the range expression �(pt : Patient)AND age-of(pt) > 35� for the two relational databases shown in Figure 4.14. Note that Ihave �condensed� the representation of certain fields in the tables to save space4.3.3.5 The complete queryThe semantic functions of the attribute grammar generate the complete relationalalgebra translation for a ReFER query by joining the expression generated for theRange component to the expression generated for the Termlist component, andsubsequently projecting the values of the Termlist component. The followingsemantic functions perform this operation:Grammar rule:Query ::= ’[’ Termlist ’|’ Range ’]’ Semantic functions:Query.ERA = Proj( [Termlist.Id], Join([ Termlist.Vid = Range.Vid ],Termlist.ERA,Range.ERA)Query.Id = Termlist.IdQuery.Vid = Termlist.VidQuery.Fid = Termlist.FidAgain, the semantic functions join the Termlist and Range expressions on theirrespective Vid values to �filter out� the bindings of the variable �pt� in therelational translation for the Termlist component that do not satisfy the logic ofthe predicate. Because the complete relational algebra expressions generated bythese semantic functions are extensive, I leave their formulation as an exercise.However, Figure 4.22 shows the tables that result from evaluating the relational

Chapter 4 An Automated Query-Translation Methodology139algebra translations produced at site A and site B. These tables represent the site-specific relational translations of the sample ReFER query.

lastSmytheSite BSite ASmythelnameFigure 4.22: The results of evaluating the relational algebra translations of the query�last-name-of(pt) | (pt : Patient) AND age-of(pt) > 35� for the two relational databasesshown in Figure 4.14.Most relational DBMSs cannot evaluate relational algebra expressions directly,however, because commercial DBMSs only offer query interfaces based on SQL(a relational calculus language). At each site, therefore, TransFER must convertthe relational algebra translations produced by the attribute grammar toequivalent SQL queries that can be executed by the local DBMS.4.3.4 Translating relational algebra to SQLThe translation of ERA expressions to SQL queries is a straightforward process,owing to the semantic equivalence of a relational algebra augmented withaggregation and the relational calculus [Klug 1982]. Several algorithms forperforming this translation exist [Klug 1982, Ullman 1988]. The onlycomplication is that certain subexpressions of a relational algebra query must beformulated as separate SQL queries, rather than as SQL subqueries. Specifically,relational algebra subexpressions that specify the UNION operation or theAGGREGATE operation must be formulated as distinct SQL queries. The reason isthat the current SQL standard does not allow SQL union or aggregationoperations to appear within the relational expressions in the �FROM� list of anSQL query. For example, the following SQL query is not valid:SELECT lastFROM (SELECT pt-ssn, last FROM PATIENT) UNION(SELECT md-ssn, last FROM PHYSICIAN).

Chapter 4 An Automated Query-Translation Methodology140Therefore, the results of SQL union and aggregation operations must be saved intemporary intermediate tables; the names of these tables appear in the FROMlists of subsequent SQL queries. The results of relational algebra subexpressionsthat specify external functions also must be computed separately and stored intemporary tables. The reason is that external functions, by definition, cannot beexecuted by an SQL query engine. The SQL query engine can retrieve only thearguments to external functions; the functions must subsequently operate onthese arguments in the host environment and return their results to temporarytables in the database. These tables then appear in subsequent SQL queries.Therefore, a single relational algebra expression that results from the attribute-grammar translation of a ReFER query may be translated into a sequence ofmultiple SQL queries that communicate via intermediate results saved intemporary tables. The final result of a ReFER query translation is a databaseprogram consisting of (potentially) multiple SQL queries interleaved with run-time commands to create temporary tables and to call external functions. Figure4.24 shows the site-specific output of a TransFER query translation.Figure 4.24: A site-specific database program produced by the translation of a ReFERquery. The capitalized boldfaced terms denote SQL language constructs and the plain-text terms denote tables and fields in the local relational database.4.4 OptimizationAs seen in the example, the relational algebra translations of even simple ReFERqueries may consist of very many relational JOIN operations. Many of these

Chapter 4 An Automated Query-Translation Methodology141operations may, in fact, be redundant in the sense that if the operations wereomitted, the meanings of the relational algebra expressions would be unchanged.Redundant relational algebra operations are introduced into query translationsby the way in which the TransFER attribute grammar combines the site-specificmappings for FER entity types and relationship types when translating ReFERqueries. Although redundant operations do not affect the correctness of therelational algebra expressions generated by the attribute grammar, they do, inpractice, increase the time and computing resources that are required to evaluatethe expressions. For this reason, it is desirable to detect and to removeredundant relational operations from expressions produced by the attributegrammar. I now describe the theory and the mechanism for performing certainof these optimizations.The TransFER optimizer detects and eliminates redundant JOIN operations byapplying a theory of �PROJECT equivalence� that is based on the relationalalgebra. In this section, I describe the theory, I prove its correctness, and Iillustrate its application to the problem of optimizing relational algebraexpressions produced by the TransFER attribute grammar.4.4.1 The theory of PROJECT equivalenceThe TransFER compiler applies optimizations that are based on a specific kind ofequivalence between relational algebra expressions called �PROJECTequivalence.� Informally, PROJECT equivalence between two relational algebraexpressions (that is, relations) means that the two relations are identical exceptfor the existence of certain duplicated attributes. A duplicated attribute is anattribute of a relation, the value of which is equal to the value of another attributefor every row of the relation. For example, two �PROJECT-equivalent� relationsappear in Figure 4.23. PROJECT equivalence between two relations implies thatthe same PROJECT operation performed over both relations produces identicalresults.The expression �R

=^ S� means that the relations R and S are PROJECT equivalent.I define PROJECT equivalence formally as follows:Definition: If R

=^ S, then there exists some transformation D (definedbelow) such that the application of D to R generates S, that is, D(R) = S.

Chapter 4 An Automated Query-Translation Methodology142The transformation D consists of some finite sequence of transformationfunctions d (defined below) such that D = [d1,d2,..,dn] where n ‡ 0. Eachtransformation function d must consist of one of the followingoperations:1. Duplicate. For some attribute a of the relation R, a new attribute a� isadded to the relation R such that a� has the same domain as a and a�=ain every row of R. The Duplicate operation essentially reproduces onecolumn of the relation R and assigns a unique attribute name to the newcolumn. Because the new column contains the same values as anexisting column, the Duplicate operation adds no information.2. Merge. For some pair of attributes a, a� of the relation R where a =a� in every row of R, the attribute a’ is eliminated from the relation R.The merge function essentially eliminates a redundant column in therelation R, generating a relation with only one �copy� of the column.Because the eliminated column contained the same values as an existingcolumn, the Merge operation removes no information.The sequential application of the transformation functions [d1,..,dn] tothe relation R performs the transformation D(R), such that if R

=^ S and D= [d1,d2,..,dn], then D(R) = dn(..d2(d1(R))..) = S. Note that Duplicate andMerge are inverse operations. This property implies that if atransformation D exists such that D(R) = S, then some transformation D�exists such that D�(S) = R. Also note that two relations are PROJECTequivalent if and only if they have the same cardinality, because neitherthe Duplicate nor Merge operations can change the cardinality of arelation.Figure 4.23 shows two relations that are PROJECT equivalent. The relation R canbe transformed to the relation S by first duplicating the attribute fname in R andsubsequently merging the attributes age and age�. The inverse sequence ofDuplicate and Merge operations perform the transformation from S to R.

Chapter 4 An Automated Query-Translation Methodology143

typeptptmdPhilCarolColinfnameSmytheFlynnKruplnameage383356age�383356Relation Rtypept Sm yth e Fl ynn Kr up ln ame age 38 33 56 Ph il Ca rol Co lin fn ame � Relation S

=^Figure 4.23: Two relations that are PROJECT equivalent. A sequence of one Merge andone Duplicate operation can transform either relation into the other.PROJECT equivalence is relevant to query optimization because the sameprojection of two PROJECT-equivalent relational algebra expressions produces thesame result. This implies that if the elimination of a JOIN from a relationalalgebra expression generates a PROJECT-equivalent expression, then anysubsequent projection of that expression will produce the same results as if theJOIN had not been eliminated. This property allows the optimizer to removecertain JOINs without changing the meaning of the query. Formally, I define thisproperty of PROJECT equivalence as Theorem 4.1. Unless otherwise stated, I willuse �conventional� relational algebra notation in the remainder of this chapter.The uppercase letters R, S, and T will denote relations; uppercase letters near thebeginning and end of the alphabet will denote sets of relational attributes (forexample, A, B, X, Y); the symbol a will denote a single relational attribute.Theorem 4.1if R

=^ S, then pXR = prRfiS(X)SThe function rRfiS(X) is a renaming operation that renames certain attributes inthe attribute list X. The renaming takes place so that the names of the projectedattributes are consistent with the transformation between R and S that is definedby R

=^ S. Specifically, the renaming operation rRfiS defines a sequence ofrenaming functions [r1,r2,..,rn] such that each ri corresponds to one of thetransformation functions di ˛ D where D(R) = S. Each ri consists of an orderedpair of attribute names <afia�> such that ri renames every instance of theattribute name a in an attribute list to the attribute name a’. The pair of attributenames for each ri that corresponds to a di is determined as follows:

Chapter 4 An Automated Query-Translation Methodology1441. If di is a Merge operation that merges the attributes a and a’ such thatonly the attribute a remains, then the pair of attribute names for ri is<a�fia>.2. If di is a Duplicate operation that duplicates the values of the attributea, then the pair of attribute names for ri is <afia> (that is, no renamingis specified).Informally, the renaming operation ensures that any attribute a� in the relation Rthat is eliminated by a Merge operation when R is transformed to S isappropriately replaced by the attribute a in S if a� appears in the list of attributesto be projected. Because the Duplicate operation does not eliminate anyattributes, no renaming is required. For example, the following renamingoperation is defined by the transformation from the relation R to the relation S inFigure 4.23:rRfiS = [<fnamefi fname>, <age�fi age> ].When applied to the attribute list [fname, lname, age�], the renaming operationproduces the attribute list [fname, lname, age]. Inspection of the relations shownin Figure 4.23 demonstrates that this operation is required for PROJECTequivalence to hold in the following example:p[fname,lname,age�]R = p[fname,lname,age]S.Theorem 4.1 is proved by induction on the sequential application of thetransformation functions d1,..,dn that constitute the transformation D between Rand S. I claim (without proof) that Theorem 4.1 holds equally whether I use thePROJECT or the MULTIPROJECT operation in the following proof (I therefore usethe symbol p to denote either operation):Proof: The inductive hypothesis is that Theorem 4.1 holds before anytransformations are performed, that is, when R = S. In this case, D = ˘,which implies that rRfiS = ˘ by the definition of the renamingoperation. If rRfiS = ˘, then rRfiS(X) = X. This equality proves theinductive hypothesis because we know that pXR = pXS when R = S. Theinductive step is that Theorem 4.1 holds when a single transformation

Chapter 4 An Automated Query-Translation Methodology145function, d, is applied to the relation R to produce the relation S. Thereare two cases:Case 1. d is a Duplicate operation that adds the attribute a� to R, whichcontains the same values as the existing attribute a for every row.Because the Duplicate operation creates a NULL renaming operation(that is, rRfiS = [<Afi A>]), we know that rRfiS(X) = X for any attributelist X. Therefore, the theorem holds if the equality pXR = pXS holdsgiven the Duplicate operation that transforms R to S. Because therelation S is simply the relation R with one additional attribute (a�), Ican write R = pYS where Y is the original set of attributes in the relationR. Substituting, the theorem holds if the equality pX(pYS) = pXS holds.Because Y is the original set of attributes of R, we know that X ˝ Y,because otherwise the expression pXR would be invalid. Thiscontainment implies, by an equivalence of the relational algebra[Ullman 1989], (p. 664) that pX(pYS) = pXS.Case 2. d is a Merge operation that eliminates the duplicate attribute a’from R, where a� contains the same values for every row as someremaining attribute a. In this case, rRfiS = {<a�fi a>}, so that eachinstance of a� in the attribute list X is replaced by a. Two subcases exist:2a. X contains no instances of a�. In this case, rRfiS(X) = Xand the theorem holds if the equality pXR = pXS holds forthe Merge operation that transforms R to S. Because therelation S is simply the relation R with one attributeremoved (a�), I can write S = pZR, where Z is the originalset of attributes in R minus the removed attribute a�.Substituting, the theorem holds if the equality pXR =pX(pZR) holds. Because we have assumed in this casethat X does not contain the removed attribute, a�, weknow that X ˝ Z. Therefore, by the same equivalence,pXR = pX(pZR).2b. X contains one or more instances of a�. In this case, eachsuch instance is renamed to a. By the definition of the

Chapter 4 An Automated Query-Translation Methodology146Merge operation, we know that the value of a� in eachrow of R is equal to the value of a in each row of S. Wealso know that the values of the attributes in the attributelist X-a’ (that is, the attributes that are common to bothrelations) are equal in each row of R and S because theMerge operation did not affect these attributes.Therefore, projecting the combination of the values of a�and X-a� in the relation R produces the same result asprojecting the value of a and X-a� from the relation S. Inother words, pXR = prRfiS(X)S.�4.4.2 An application of PROJECT equivalenceIn Section 4.3, I showed how the semantic functions of the TransFER attributegrammar may introduce redundant operations when translating ReFER queriesto relational algebra expressions. For example, the semantic functions generatethe following relational translation for the term �last-name-of(pt)� at site B:Term.ERA = Join( [ pt-ssn = ssn], (expression 1) Proj( [pt-ssn], PATIENT), Union(Proj([ssn,last],Rename([pt-ssn� => ssn],PATIENT�)), Proj([ssn,last],Rename([md-ssn => ssn],PHYSICIAN)))).Inspection of the relational schema for the database at site B (shown in Figure3.15) reveals that the last name of each patient can be computed by the muchsimpler relational algebra expression:Term.ERA = Proj( [ pt-ssn, last], PATIENT). (expression 2)The semantic functions of the attribute grammar produce the more complexrelational algebra translation for �last-name-of(pt)� because the site-specific andsite-independent semantic functions of the attribute grammar must be specified

Chapter 4 An Automated Query-Translation Methodology147in the most general way possible. For example, the site-specific mapping for therelationship type Person-Last_Name must specify a union of the PATIENT andthe PHYSICIAN tables, because the relationship type may be used to derive thelast names of patients, physicians, or both (recall that Person-Last_Name isdefined for the supertype Person in the FER schema). When the relationshiptype is used to derive the last name of a patient, as in �last-name-of(pt),� no datafrom the PHYSICIAN table is needed and the union is unnecessary. At the timethe mapping is specified, however, there is no way to anticipate how it will beapplied in any particular query, so it must be specified to accommodate the mostgeneral case. Likewise, the semantic function that translates the application of arelationship function (such as �last-name-of�) to a term (such as �pt�) mustspecify a JOIN between the relational algebra translation of the relationshipfunction and the relational algebra translation of the term. The JOIN is necessarybecause the semantic function is site-independent and, in the most general case, aJOIN is required to derive the associations between entities. When therelationship function �last-name-of� is used to derive the last name of a patient atsite B, however, the JOIN is unnecessary because the last name is represented inthe same table as the patient. The role of the TransFER optimizer is to recognizethese unnecessary operations in specific relational algebra expressions and totransform the expressions into equivalent expressions without the operations.The optimizer exploits the properties of PROJECT equivalence to perform certainof these transformations.For example, the following relational algebra equivalence allows the optimizer totransform the original expression produced by the attribute grammar for theterm �last-name-of(pt)� (expression 1) to the simpler expression that I producedmanually (expression 2) without changing the meaning of the expression (again,I use the �conventional� relational algebra notation):Theorem 4.2 ( pXR ¨ pYS ) pZR

=^ p(X¨Z)R A = Bif the list of attributes A = the list of attributes B, and thevalues of the attributes in A are unique in the relation( pXR ¨ pYS ).

Chapter 4 An Automated Query-Translation Methodology148The optimizer eliminates one JOIN in transforming the original expression, whichhas the form of the left-hand side of the equivalence in Theorem 4.2, to thesimpler expression, which has the form of the right-hand side. The optimizer canapply this transformation because the last relational algebra operation specifiedby the semantic functions of the attribute grammar is a multiprojection (seeSection 4.3.1.2). If the attributes that are projected by this operation areappropriately renamed, then the properties of PROJECT equivalence ensure thatthe results of the query will be the same after the transformation is performed.However, for Theorem 4.2 to hold, the PROJECT operations denoted on the left-hand and right-hand sides of the PROJECT equivalence must be �classic� PROJECToperations, that is, PROJECT operations that eliminate duplicate rows. The reasonfor this constraint is apparent in the proof of Theorem 4.2 that appears in the nextsection.4.4.3 Proving correctness of the optimizationsThe proof of Theorem 4.2 proceeds in two steps. The first step proves therelational equivalence:Lemma 4.1 ( pXR ¨ pYS ) pZR = pXR pZR A = B A = Bif the list of attributes A = the list of attributes B,and the values of the attributes in A are unique inthe relation ( pXR ¨ pYS )Note that the symbol �=� appears in Lemma 4.1, rather than �

=^.� The secondstep proves a more general PROJECT equivalence, which actually is the basis for alarge number of optimizations:Theorem 4.3 pXR pZR

=^ p(X¨Z)R A = Bif the list of attributes A = the list of attributes B,and the values of the attributes in A are unique ineither the relation pXR or pZR

Chapter 4 An Automated Query-Translation Methodology149Note that Theorem 4.3 may be applied to the proof of Theorem 4.2 because thecondition that the values of the attributes in A are unique in the relationalexpression ( pXR ¨ pYS ) implies that the values of the attributes in A are uniquein the relational expression pXR. The combination of Lemma 4.1 and Theorem4.3 proves Theorem 4.2 because of the following properties of PROJECTequivalence:1.Relational equivalence implies PROJECT equivalence, that is, if R = S,then R

=^ S. The definition of PROJECT equivalence specifies that onepossible transformation, D, from R to S such that R

=^ S is the NULLtransformation, that is, D = ˘. Thus, if R = S, then D(R) = S where D = ˘and R

=^ S. This property implies the following:if ( pXR ¨ pYS )

pZR = pXR pZR A = B A = Bthen ( pXR ¨ pYS )

pZR

=^ pXR

pZR . A = B A = B2.PROJECT equivalence is transitive, that is, if R

=^ S and S

=^ T, then R

=^T. Transitivity holds because one can simply compose the sequence oftransformation functions that transform R to S and S to T to transform Rto T, that is, if D1(R) = S where D1 = {d1,..,dn} and D2(S) = T where D2 ={dn+1,..,dm}, then D3(R) = T where D3 = D1 + D2 = {d1,..,dn,dn+1,..,dm}. Thetransitivity of PROJECT equivalence implies the following:if ( pXR ¨ pYS )

pZR

=^ pXR

pZR and A = B A = B pXR pZR

=^ p(X¨Z)R A = Bthen ( pXR ¨ pYS ) pZR

=^ p(X¨Z)R. A = BThese two properties confirm that the proof of Theorem 4.2 rests on the proofs ofLemma 4.1 and Theorem 4.3.

Chapter 4 An Automated Query-Translation Methodology150Proof of Lemma 4.1: By the distributive property of the JOIN operator inrelational algebra,( pXR ¨ pYS ) pZR = ( pXR

pZR ) ¨ ( pYS pZR ). A = B A = B A = BThe proof of Lemma 4.1, therefore, depends on establishing the followingequivalence:( pXR

pZR ) ¨ ( pYS pZR ) = ( pXR

pZR ) A = B A = B A = BI prove this equivalence by considering three possibilities for the value of theattribute A: The value appears only in the relation pXR, the value appears only inthe relation pYS, and the value appears in both the relations pXR and pYS. Case 1. The value of the attribute A appears only in pXR and not in pYS.For all such values,( pYS pZR ) = ˘ A = Bbecause the JOIN condition cannot be satisfied by any values of A in pYS.This implies( pXR

pZR ) ¨ ( pYS pZR ) = ( pXR

pZR ) ¨ ˘ A = B A = B A = B= ( pXR pZR ) A = B Case 2. The value of the attribute A appears only in pYS and not in pXR.For all such values,( pYS

pZR ) = ˘. A = BThis is true because both the set of attributes X and the set of attributesZ must contain the set of attributes A; if they do not, the originalexpression

Chapter 4 An Automated Query-Translation Methodology151( pXR ¨ pYS ) pZR A = Bis not a valid relational algebra expression (recall that the set ofattributes A = the set of attributes B). Given that both X and Z containA, if the values of the attributes A do not appear in pXR, then theycannot appear in pZR (because both expressions include the projectionof the attributes A). Therefore, for all values of the attributes A that donot appear in pXR,( pYS

pZR ) = ˘ A = Bbecause the JOIN condition cannot be satisfied by any values of A inpZR. This implies( pXR pZR ) ¨ ( pYS

pZR ) = ( pXR pZR ) ¨ ˘ A = B A = B A = B= ( pXR

pZR ). A = B Case 3. The value of the attribute A appears in both pXR and in pYS.Because we know that the values of A are unique in ( pXR ¨ pYS ), thisimplies that the values of each attribute in the attribute set X-A and inthe attribute set Y-A are the same for each value in the columns of A thatappears in both pXR and pYS, respectively; the values of X-A and of Y-Amust be the same so that the relational UNION operator will �merge� therows from pXR and pYS that have the same values of A into a single rowwhen the expression ( pXR ¨ pYS ) is evaluated. Therefore, for eachpair of rows in pXR and pYS that have the same values of the attributesA, the values of the other attributes are also the same. In other words,the rows are identical, that is pXR = pYS. For all such rows,( pXR pZR ) = ( pYS

pZR ) = T. A = B A = BSubstituting,

Chapter 4 An Automated Query-Translation Methodology152( pXR pZR ) ¨ ( pYS

pZR ) = T ¨ T = T A = B A = B = ( pXR pZR ). A = BBecause I have shown that the equivalence( pXR

pZR ) ¨ ( pYS pZR ) = ( pXR

pZR ) A = B A = B A = Bholds for all of the possible values of the attributes in A, I have proven Lemma4.1.�Given Lemma 4.1, Theorem 4.2 is proved by proving Theorem 4.3: pXR pZR

=^ p(X¨Z)R A = Bif the list of attributes A = the list of attributes B,and the values of the attributes in A are unique ineither the relational expression pXR or pZR.Proof: Assume that the values of the attributes in A are unique in pXR (asymmetrical proof exists for the case in which the values are unique in pZR).There are three possible containment relationships between the sets of attributes Xand Z: X = Z (implying that X¨Z = X), X � Z (implying that X¨Z = X), and X � Z(implying that X¨Z = Z). I prove Theorem 4.3 by proving that the followingassertions hold for each containment relationship:1.The expression on the left-hand side of the PROJECT equivalence has thesame cardinality as the expression on the right-hand side.2.There exists a sequence of Merge operations that transforms the expressionon the left-hand side of the PROJECT equivalence to the expression onthe right-hand side.By the definition of PROJECT equivalence, these two assertions prove Theorem4.3. In the proof below, I adopt the following notational convention: When thesame relation appears twice in an expression, I rename one �copy� of the relation

Chapter 4 An Automated Query-Translation Methodology153and each attribute of that relation with the prime (�) symbol. For example, thisrenaming changes the expression pXR pYRA = A(where A is a set of attributes in the relation R) to the expression pXR

pYR�. A = A�If A = the set of attributes {a1,..,an} in the relation R, then A� = {a1� ,..,an� } in therelation R�. This convention helps to distinguish copies of attributes with thesame name that result from joining a relation to itself.Case 1. X = Z. In this case, I must show pXR pX�R� = T

=^ pXR. A = A�Because A is unique in pXR, A� is unique in pX�R�. This implies a one-to-one relationship between the rows of pXR and pX�R� for each value ofthe attributes in A; therefore, |T|= |pXR|, by the definition of the JOINoperation. For each attribute a� ˛ X�, either a� ˛ A� or a� ˛ X�-A� (notethat A� must be a subset of X� for the JOIN operation to be valid). Foreach a� ˛ A�, there is an a ˛ A such that (1) both a� and a are in therelation T (because A� � X� and A � X) and (2) in each row of T, thevalue of a� = the value of a (because that equality is implied by the JOINcondition). Therefore, for each a� ˛ A�, the attributes a� and a in T maybe merged into the single attribute a, by the definition of the Mergeoperation. For each a� ˛ X� -A�, there must be a functional dependencyA�fia� in R�, such that there is only one possible value of a� for eachvalue of A�; this dependency must exist for the values of A� to be uniquein pX�R� because otherwise there could be two values of a� for eachvalue of A� and A� would not be unique in pX�R�. By the sameargument, there is an identical functional dependency Afia in Rbecause the values of A are unique in pXR. Because the value of A� =the value of A in each row of T (by the JOIN condition), the functional

Chapter 4 An Automated Query-Translation Methodology154dependencies imply that the value of a� = the value of a in each row ofT. Therefore, for each a’ ˛ X’ -A’, the attributes a� and a in T may bemerged into the single attribute a. Because every a� ˛ X� may bemerged with an a in the relation T (that is, in the result of the JOIN),there exists a transformation from T to pXR that is consistent with thedefinition of PROJECT equivalence; therefore, T and pXR are PROJECTequivalent.Case 2. X � Z. In this case, I must show pXR pZR� = T

=^ pXR. A = A�Because the values of A are unique in pXR, the values of A� must beunique in pZR� because X � Z (a more restrictive projection certainlycannot create any duplicate values). Therefore, there is a one-to-onerelationship between the rows of pXR and pZR� for each value of theattributes in A, implying again that |T|= |pXR|. Note that for eachattribute a� ˛ Z, there must be a corresponding a ˛ X because X � Z.For each a� ˛ A�, there is an a ˛ A such that (1) both a� and a are in therelation T and (2) in each row of T, the value of a� = the value of a(because that equality is implied by the JOIN condition). Therefore, foreach a� ˛ A�, the attributes a� and a in T may be merged into the singleattribute a. For each a� ˛ Z-A�, there must be a functional dependencyA�fia� in R� (by the same argument as in Case 1) because A� is unique inpZR�. Given A�fia� in R�, there is an identical functional dependencyAfia in R (recall that R and R� are the same relations). Because thevalue of A� = the value of A in each row of T (by the JOIN condition), thefunctional dependencies imply that the value of a� = the value of a ineach row of T. Therefore, for each a� ˛ Z-A�, the attributes a� and a in Tmay be merged into the single attribute a. Because every a� ˛ Z may bemerged with an a in the relation T (that is, in the result of the JOIN),there exists a transformation from T to pXR that is consistent with thedefinition of PROJECT equivalence, again proving that T and pXR arePROJECT equivalent.

Chapter 4 An Automated Query-Translation Methodology155Case 3. X � Z. In this case, I must show pXR pZR� = T

=^ pZR�. A = A�Because A is unique in pXR, there is exactly one row in pXR thatcorresponds to each row in pZR� such that the value of A = the value ofA’ (that is, such that the JOIN condition holds). This implies a many-to-one relationship between the rows of pZR� and pXR for each value of A�(note that the values of A� are not necessarily unique in pZR�).Therefore, |T|= |pZR�|, by the definition of the JOIN operation. Notethat for each attribute a ˛ X, there must be a corresponding a� ˛ Zbecause X � Z. For each a ˛ A, there is an a� ˛ A� such that (1) both aand a� are in the relation T and (2) in each row of T, the value of a = thevalue of a� (because that equality is implied by the JOIN condition).Therefore, for each a ˛ A, the attributes a and a� in T may be mergedinto the single attribute a�. For each a ˛ X-A, there must be a functionaldependency Afia in R, because A is unique in pXR (see Case 1). GivenAfia in R, there is an identical functional dependency A�fia� in R�(recall that R and R� are the same relations). Because the value of A =the value of A� in each row of T (by the JOIN condition), the functionaldependencies imply that the value of a = the value of a� in each row ofT. Therefore, for each a ˛ X-A, the attributes a and a� in T may bemerged into the single attribute a�. Because every a ˛ X may bemerged with an a� in the relation T (that is, in the result of the JOIN),there exists a transformation from T to pZR� that is consistent with thedefinition of PROJECT equivalence; therefore, T and pZR are PROJECTequivalent. �The proof of Theorem 4.3 completes the proof of Theorem 4.1. However, theTransFER optimizer applies Theorem 4.3 to justify a large set of simplifyingtransformations. For example, Theorem 4.3 implies each of the followingPROJECT equivalences:Corollary 4.3aR

R

=^ R A = A

Chapter 4 An Automated Query-Translation Methodology156Corollary 4.3bpXR R

=^ R A = ACorollary 4.3cpXR pYR

=^ pXR if X ˚ Y A = ALastly, one easily can generalize Theorem 4.3 to Theorem 4.4:Theorem 4.4(pXR

S)

(pZR

T)

=^ ( (p(X¨Z)R

S)

T) C = D A = B E = F C = D E = Fif the list of attributes A = the list of attributes B,the attributes A appear only in the relation pXR, theattributes B appear only in the relation pZR, andthe values of the attributes A are unique in eitherthe relation pXR or pZRThe proof of Theorem 4.4 follows directly from the commutativity andassociativity properties of the JOIN operator [Ullman 1988, p. 62] and issufficiently straightforward that I have omitted it.4.4.4 The optimization theorems in practiceTheorem 4.3 and its corollaries are useful for eliminating many JOIN operationsthat appear in the relational translations of ReFER queries. The wideapplicability of Theorem 4.3 is based on the way in which the site-specificsemantic functions of the attribute grammar specify entity-type and relationship-type mappings and the way in which the site-independent semantic functions ofthe attribute grammar translate relationship functions and relationshippredicates.Recall that the site-specific mapping for each entity type specifies (1) a relationalalgebra expression in which each row represents a distinct instance of the entitytype and (2) a set of key fields that represent the identifier of each instance of theentity type (see Section 4.2.1). The semantic functions that specify thesemappings assign the relational algebra expression to the attribute ERA and theset of key fields to the attribute Id. Because each row in the relational algebraexpression represents a distinct entity and the values of the key fields represent

Chapter 4 An Automated Query-Translation Methodology157the identifier of each entity, the values of the key fields are unique in therelational algebra expression. For example, the following semantic functionsspecify the mapping for the entity type Person at Site A (see Figure 4.11 for thecomplete schema at Site A):Person :Entity_Type.ERA = �PERSON�Entity_Type.Id = [lname,fname]This mapping implies that the concatenated values of the fields [lname,fname]are unique in the table PERSON at site B. Therefore, by Theorem 4.3, if themapping for the entity type Person is joined to another instance of the tablePERSON on the fields [lname,fname], that JOIN may be eliminated withoutchanging the meaning of the relational algebra query. Note that such a JOIN willoccur in the translation of �last-name-of(p)� (where �p� is declared to range overthe entity type Person) at site A because the site-specific mapping for therelationship type Person-Last_Name also assigns the table PERSON to the ERAattribute:Person-Last_Name:Relationship_Type.ERA = �PERSON�Relationship_Type.Fid = { Person([lname,fname]), String([lname]) }The semantic functions for the mappings of both Person and Person-Last_Nameassign the table PERSON to the ERA attribute because at Site A, the representationof each person’s last name is stored as a field in the same table that stores the setof Person entities (see Figure 4.11). Given the definition of the site-independentsemantic function that translates terms that apply relationship functions (such as�last-name-of�), the relational translation of the term �last-name-of(p)� at Site AisTerm.ERA = Join( [lname = lname� and fname = fname�], PERSON, PERSON�),Term.Id = [lname�]Term.Vid = { (pt, [lname,fname]) }Term.Fid = ˘.Note that the value of the ERA attribute takes the form

Chapter 4 An Automated Query-Translation Methodology158R

R� A = A�where R and R� both represent the table PERSON and A and A� both represent theattribute list [lname,fname]. By Corollary 4.3a, the relational translation of theterm �last-name-of(p)� at Site A may be simplified toTerm.ERA = PERSONTerm.Id = [lname]Term.Vid = { (pt, [lname,fname]) }Term.Fid = ˘provided that all subsequent references to lname� and fname� are replaced byreferences to lname and fname. The corollary of Theorem 4.3 may be appliedbecause the values of the attribute list [lname,fname] are unique in the tablePERSON, as Theorem 4.3 requires.4.5 SummaryThe TransFER query-translation methodology provides a principled approach totranslating abstract clinical queries to equivalent and site-specific relationaldatabase programs. Based on the theories of relational algebra and attribute-grammar translation, the translation methodology supports (1) the formalspecification of database mappings to bridge representational heterogeneity, (2)the systematic composition of site-specific mappings to translate arbitraryqueries, and (3) the principled optimization of relational algebra translations toimprove computational efficiency. However, the ultimate utility of the TransFERmethodology can be judged only in the context of the problem that TransFERaddresses: providing a uniform query interface to disparately implementedclinical databases. In the next chapter, I present the criteria that I used toevaluate TransFER’s utility and I describe the design and the results of a formalevaluation that I conducted to test TransFER’s utility.

159Chapter 5The Implementation andEvaluation of TransFERAll computer applications are tools intended to perform a function or to helpusers perform a function. As such, a new computer technology should be judgedby its ability to (1) perform a useful function that could not be performedpreviously, (2) perform a function more effectively than it could be performedpreviously, or (3) perform a function more efficiently than it could be performedpreviously. By some criterion, the new technology should constitute animprovement over the status quo. TransFER is a computer tool intended tofacilitate the sharing of decision-support applications that require clinical data.Although currently available methods of sharing decision-support applicationsleave much to be desired, as discussed in Chapter 2, the TransFER methodologymust demonstrate improved performance before one can advocate its use. Thischapter describes the general criteria by which the methodology of TransFERwas judged and the specific means by which an implementation of TransFERwas evaluated.5.1 A Controlled ExperimentI conducted an experiment to evaluate the utility and generality of the TransFERquery-translation methodology. The hypotheses of the experiment were (1) thatthe TransFER methodology could map a reference schema of clinical data tothree independently designed relational database schemas, all of which representthe same data set, and (2) that the TransFER methodology automatically couldtranslate queries formulated against the single reference schema to queries thatcould be executed against each of the relational schemas. Specifically, theexperiment entailed the following steps:

Chapter 5 The Implementation and Evaluation of TransFER1601. Three groups, each consisting of one clinician and one database expert,designed a relational database schema based on the same clinical dataset.2. I designed a global conceptual schema in the FER conceptual modelinglanguage to represent the same clinical data set.3. A small group of physicians informally formulated a set of queries toretrieve clinically relevant information represented in the data set. Iencoded these queries in the ReFER query language in a mannerconsistent with the conceptual FER schema.4. I mapped the conceptual FER schema to each relational schema usingthe extended relational algebra mapping language.5. The TransFER compiler translated the ReFER queries to three sets ofSQL queries such that each set was consistent with one of the relationaldatabase schemas.6. I manually translated the ReFER queries to three sets of �gold-standard� SQL queries, which I compared to the TransFER-generatedqueries with respect to correctness and efficiency.The experiment allowed me to evaluate the TransFER methodology in thecontext of a realistic clinical data set and with respect to heterogeneouslyimplemented databases. The experiment addressed several specific questions:1. Is the ReFER query language sufficiently powerful to capture thesemantics of the specified clinical queries?2. Is the relational algebra mapping language sufficiently powerful to mapthe FER schema of the test data set to each relational schema? If it isnot, what are the sources of mapping �failures?�3. Can one specify the mappings between the FER schema and therelational database schemas declaratively, or must one resort toprocedural specifications (that is, external functions)?

Chapter 5 The Implementation and Evaluation of TransFER1614. Does the TransFER compiler accurately translate the ReFER queries tosemantically equivalent SQL queries?5. Are the SQL queries that the TransFER compiler generates comparablein efficiency to manually encoded SQL queries?The high-level goal of the evaluation was to determine whether the TransFERmethodology is superior to existing methods for sharing applications that queryclinical databases. To answer this question, I characterized the existing methods,I defined specific performance criteria that could differentiate TransFER from theexisting methods, I built a prototype implementation of TransFER, and I assessedthe prototype with respect to these performance criteria. The remainder of thischapter describes each of these steps.Section 5.2 discusses deficiencies of current methods for sharing decision-supportapplications and defines criteria by which one should evaluate a competingtechnology. Section 5.3 describes the prototype implementation of TransFER thatI used to evaluate the methodology. Section 5.4 describes fully the design of theevaluation experiment that I performed and Section 5.5 presents the results ofthat experiment.5.2 Evaluation Criteria for TransFER TechnologyMedical decision-support applications that rely upon clinical data currently canbe shared in one of several general ways. As discussed in Chapters 1 and 2, noneof these methods is satisfactory. In order to outline the criteria by whichTransFER may be judged superior to existing methods, it is useful to review theexisting methods briefly.Method 1: Manual query execution. In this strategy, used by MYCIN[Buchanan and Shortliffe 1984]and QMR [Miller and Masarie 1990], thephysician user interprets all of the application’s information requestsand responds to them manually by entering patient-specific data that theuser knows or that is documented in the medical record.

Chapter 5 The Implementation and Evaluation of TransFER162Method 2: Manual query translation. In this strategy, used by theArden medical knowledge-representation language [Hripcsak, et al.1990], each clinical data query that appears in an application is manuallytranslated by a database programmer so that the new query is consistentwith the local clinical database implementation.Method 3: Automated procedural query translation. This strategy, usedby the Physician Workstation (PWS) environment [Annevelink, et al.1992], automatically translates queries issued against a reference datamodel to a set of operations that retrieves data from an existingdatabase. This method is similar to the TransFER methodology, exceptthat the query translations in the PWS environment are based onprocedural mappings, whereas TransFER query translations are based ondeclarative mappings (recall that declarative mappings allow queries tobe optimized automatically).All three methods have deficiencies with respect to at least one of three generalproperties: automation, efficiency, or latitude. The definition of each property andthe trade-offs among the properties are important to consider in comparing anew technology for sharing clinical queries to existing technologies.5.2.1 AutomationWhen a mismatch exists between the query model of a decision-supportapplication and the query model of a local database implementation, severalexisting methods of reconciliation require that the queries be manuallytransformed. Manual query execution and manual query translation bothinvolve labor-intensive translations: Manual query execution requires that usersinterpret and manually respond to all application queries; manual querytranslation requires that programmers manually translate all queries that appearin an application. The goal of automation is to relieve users and programmers oftedious and error-prone labor. The manual translation task is especially onerouswhen it must be performed frequently. Manual query execution and manualquery translation require human intervention each time an existing query isissued and each time a new query is added, respectively. Thus, both methodsentail a relatively high variable cost for reconciling query-model mismatches. A

Chapter 5 The Implementation and Evaluation of TransFER163query-translation method would constitute an improvement in automation if iteither reduced the variable cost by facilitating the transformation of queries or ifit changed the variable cost to a fixed cost by automating the translation ofqueries based on encoded mappings.An important assumption of the automation property is that the querytranslations are correct. Correct translations may be defined informally as thosetranslations that preserve the semantic equivalence of source and target queries.In general, semantic equivalence between alternative representations of queries isdifficult to verify, but I propose an empirical method for testing equivalence inSection 5.5.3. Although automation does not necessarily preserve semanticequivalence, manual methods do not guarantee correct translations either.Because �source� queries within shared applications often are encodedinformally and idiosyncratically, the meanings of the queries as intended by theirauthors may be unclear or ambiguous. In these cases, personnel who aretranslating the queries manually cannot be certain that they have preserved thesemantics of the original queries because they may not know definitively thesemantics of the original queries [Pryor and Hripcsak 1994].5.2.2 EfficiencyWhen disparate query models are reconciled via the translation of queries, eithermanual or automated, it is desirable that the resulting queries be as efficient aspossible. In some cases, the time cost of evaluating queries is critical to theobjectives of the application. For example, ICU monitors that adjust ventilatorsettings in real time cannot spend tens of seconds performing complex queriesagainst disk-resident data files. In general, the costs of executing a query dependon where the data resides, how the data is represented, how the query isdecomposed into subparts, which agents execute which subparts, and in whichsequence the subparts are executed [Ullman 1989 Chapter 11].The existing methods for sharing clinical queries all vary with respect to theefficiency with which the resulting queries can be executed. Manual queryexecution, which requires that physician users personally �execute� queries byentering data�possibly after looking it up in the patient record�is clearly theleast efficient. Manual query translation, which relies upon programmers tomanually translate queries that are subsequently executed by a database query

Chapter 5 The Implementation and Evaluation of TransFER164engine, takes advantage of DBMS query facilities, but relies upon the ability ofprogrammers to formulate efficient queries. Although professionalprogrammers are the best personnel for this task, certain clinical queries must betranslated into multiple subqueries and the optimal ordering of the subqueriesmay depend upon knowledge that the programmers do not have or that issubject to change, such as the sizes of data files and indexes. Automatedprocedural query translation requires that programmers specify the mappingsbetween the query model known to decision-support applications and the querymodels of underlying databases; the query engine subsequently uses themappings to translate queries from one model to another automatically.However, the query engine cannot perform certain optimizations because themappings between query models are specified as procedural functions that cannotbe decomposed, reordered, and recombined to achieve maximum efficiency[Annevelink, et al. 1992]. To maximize the potential for optimization, adeclarative representation of query-model mappings is necessary. Because aquery optimizer can inspect and manipulate declarative mappings based on anencoded understanding of the operations within the mappings, the optimizer canapply information about the semantics of the data, the state of the database, andthe capabilities of the DBMS to determine an optimal sequence and allocation ofthe operations.5.2.3 LatitudeA large variety of legacy clinical databases exists. The objective of any methodfor sharing clinical queries is to support the mapping of queries to as many ofthese databases as possible. I refer to the proportion of legacy databaseimplementations that a method can support as the method’s latitude. Thelatitudes of the existing methods for sharing decision-support applications arequite large, because translation techniques that rely on manual intervention orprocedural programming are quite powerful. However, the existing methodsachieve wide latitude by sacrificing automation or efficiency (as I discussed inSections 5.2.1 and 5.2.2).It is unlikely that an automated query-translation technique based on declarativemappings (such as TransFER) can achieve wider latitude than the existing query-translation methods. Because the ERA mapping language is confined to a small

Chapter 5 The Implementation and Evaluation of TransFER165set of relational algebra operators, the transformations supported by theseoperators are limited to relational database implementations. However, limitingthe mapping language to a small set of formal relational operators confers atheoretical foundation to the query-translation process, which enables theprocess to validate and to optimize automatically the query translations that itproduces. This theoretical foundation results in greater automation andefficiency for relational database implementations than is achieved by existingmethods for sharing clinical queries. The database implementations thatTransFER does not support (that is, nonrelational implementations) must defaultto one of the existing query-translation methods (such as manual querytranslation), but, in doing so, remain no worse off than they are currently.Relational database implementations, meanwhile, reap whatever automation andefficiency benefits are conferred by TransFER’s formal methodology. Therefore,if I can show that TransFER is superior to existing query-translation methods forjust relational databases, I will show that TransFER provides an improvementover the status quo.5.2.4 Performance criteria for TransFERBased on the demonstrated automation, efficiency, and latitude of existingmethods for sharing clinical queries, one can enumerate a set of specificperformance criteria by which the TransFER methodology may be compareddirectly to these existing methods. The criteria embody the general properties ofautomation, efficiency, and latitude in a manner that may be objectivelyevaluated in the context of a controlled experiment. The five criteria and theirinformal definitions are as follows:1. Latitude: the ability of the TransFER mapping language to fully mapthe FER schema of clinical data to most legacy relational databases, and,therefore, to support automated query translation. Poor latitude withrespect to relational database implementations would indicate thatTransFER cannot yet replace existing query-translation methods at anyprovider sites and, therefore, constitutes little improvement over thestatus quo.2. Declarativeness: the ability of the TransFER mapping language to mapthe FER schema to most legacy relational databases without requiring

Chapter 5 The Implementation and Evaluation of TransFER166extensive use of external functions. Because external functions areprocedurally specified and encapsulated, they cannot be manipulatedby the query optimizer, whereas combinations of relational algebraoperators can be inspected and reordered by the optimizer. Also,because the evaluation of external functions must occur in the hostenvironment, it cannot benefit from indexes and other query-optimization features of commercial relational DBMSs. The extensiveuse of external functions (that is, minimal declarativeness) wouldindicate that TransFER is no more effective for translating queries thanexisting methods based on procedural mappings.3. Correctness: the ability of the TransFER compiler to generate targetqueries that are semantically consistent with the source queries.Systematic errors in query translation may be due to unsoundalgorithms used by the compiler. The generation of incorrect querieswould indicate that the TransFER method is unreliable and cannotreplace existing methods.4. Efficiency: the ability of the TransFER query optimizer to generatetarget queries that are efficient enough for client applications. Forexample, the execution of certain queries must be sufficiently fast to beperformed as background processes in an integrated clinical alertingsystem, such as the HELP system [Kuperman, et al. 1991]. Poorefficiency would indicate that manual translation of queries is stillrequired for database access to be fast enough for decision-supportapplications.5. Expressiveness: the ability of the FER data model and the ReFER querylanguage to represent the semantics of clinical queries that are typicallyrequired by decision-support applications. Inadequate expressivenessnecessitates that decision-support applications perform certain data-manipulation operations themselves that otherwise could be performedmore efficiently by the DBMS if the ReFER query language couldexpress the operations. Inadequate expressiveness precludes theoptimal allocation of operations between an application and a DBMSbecause the operations are not known to the TransFER optimizer and tothe TransFER query engine.

Chapter 5 The Implementation and Evaluation of TransFER167For the TransFER methodology to be an improvement over the status quo, itmust satisfy these performance criteria, which effectively constitute a lowerbound for improved functionality. I assert that, although satisfying theperformance criteria in the context of a controlled experiment does not prove thatTransFER is generally applicable, it does suggest that TransFER is superior toexisting methods and that more exhaustive evaluations are warranted.To test TransFER with respect to the performance criteria, I conducted acontrolled experiment that pitted a prototype implementation of TransFERagainst several heterogeneous database implementations.5.3 Implementation of the TransFER MethodologyTo evaluate the TransFER methodology, I implemented a prototype that isconsistent with the specifications of TransFER as described in Chapters 3 and 4.In this section, I describe the architecture of the prototype and the developmentenvironment in which it was implemented.5.3.1 ArchitectureI implemented the TransFER methodology as a set of modules that reads aReFER query and returns data from a relational database. The implementation isfunctionally divided into three compiler modules , which translate the ReFERquery to an optimized relational database program, and one runtime module,which executes the database program and retrieves information stored in therelational database. Figure 5.1 illustrates the architecture of the prototype.The compiler modules consist of (1) a TransFER attribute-grammar processor,which converts the input ReFER query into a site-specific relational algebraquery, (2) a query optimizer, which eliminates redundant operations from therelational algebra query, and (3) an SQL translator, which converts the relationalalgebra query to a database program consisting of one or more SQL queries. Thesite-specific attribute-grammar processor is, itself, composed of threecomponents: the set of site-independent semantic functions (which I discussed inSection 4.3 and enumerated in Appendix B), the site-specific mappingexpressions (which database programmers defined for the local relationaldatabase), and the global FER schema (which application developers used to

Chapter 5 The Implementation and Evaluation of TransFER168encode the ReFER queries). Before the mapping expressions are integrated intothe attribute grammar, a mapping validator confirms that they are syntacticallyand semantically correct. This step is necessary because the mappingexpressions are user-defined components of the attribute-grammar module, andtherefore subject to error. For example, the mapping validator checks that alltables and fields referenced in the mapping expressions appear in the relationalschema and the set of mapping expressions includes mappings for all entity andrelationship types in the FER schema (although not shown in Figure 5.1, themapping compiler uses both the FER schema and the relational schema toperform these validations). The FER schema is integrated into the attributegrammar to validate that all entity types, relationship types, and relationshipfunctions that appear in ReFER queries are, indeed, parts of the global FERschema.The query optimizer traverses the relational algebra expression tree generated bythe attribute-grammar processor and applies any simplifying transformationsthat are allowed (based on the theory of PROJECT-equivalence described inSection 4.4). These transformations typically replace join and union operationswith simpler subexpressions. The optimizer currently applies the transformationrules in a pre-defined order and traverses the expression tree only once.The SQL translator subsequently traverses the simplified expression tree andidentifies any relational algebra operations whose results must be stored in atemporary table; these operations include all external function calls and anyrelational algebra operators whose results cannot appear in the �where� clause ofSQL queries (such as the UNION and AGGREGATION operators). The SQLtranslator separates these operations into distinct relational algebra expressionsand external function invocations, translates the relational algebra expressions toSQL, and specifies the names and structures of temporary tables to storeintermediate results. The output of the SQL translator is a database programconsisting of a correctly sequenced list of SQL queries, external function calls,and database loading operations that implements the semantics of the originalReFER query. In this sense, the database program constitutes the �compiled�ReFER query.The runtime module executes the database program. If the database programconsists of multiple operations, the runtime engine stores the intermediate results

Chapter 5 The Implementation and Evaluation of TransFER169of these operations as temporary tables in the relational database; subsequentSQL queries and external-function calls operate on these tables. The lastoperation in the database program generates the result of the query, which isprinted to the screen.

ExternalFunctions

ReFER Query

DatabaseProgram

Relational AlgebraExpression

Site-specificMapping Expressions

GlobalFER Schema

OptimizedRelational AlgebraExpression

Optimizer

MappingCompiler

RuntimeEngine

RelationalDatabase

QueryResults

TransFERAttribute Grammar

Relational Algebrato SQLTranslator

SQL Query

Function Call

Site-independentSemantic Functions

Figure 5.1: Architecture of the TransFER prototype. The translation and execution of aReFER query may be traced by following the figure from top to bottom. The �handcrank� icons represent code modules and the boxes represent the inputs and outputs ofcode modules. Shaded boxes represent sequential versions of a ReFER query as it istranslated and executed.

Chapter 5 The Implementation and Evaluation of TransFER1705.3.2 Development environmentI implemented the TransFER prototype in the Prolog programming language,using the Quintus Prolog1 development environment (Version 3.2). QuintusProlog is an implementation of Edinburgh Prolog that includes a compiler, adebugger, and many built-in utility and input/output functions. Theimplementation runs on a Sun SPARCstation under the SunOS operating system(Release 4.1). The prototype accesses relational databases implemented in theSybase2 relational DBMS (Server Release 10.0), also running on a SunSPARCstation under SunOS 4.1. A client—server architecture is employed, suchthat the Prolog query-translation and runtime modules run on one processor andthe Sybase DBMS on another. The Prolog application issues SQL queries to theSybase database via the ProDBI3 database interface (Version 3.2). ProDBI is a setof Prolog routines that connects to a Sybase server, issues SQL queries to aSybase database, and converts retrieved query results to Prolog data structures.In addition to Sybase, ProDBI also provides access to Informix, Ingres, andOracle relational databases.I encountered several limitations of the development environment during myimplementation of TransFER. The first was that the Sybase query engine cannotprocess SQL queries with more than 16 joins. Certain of the SQL queriesgenerated by the TransFER compiler in the course of the evaluation did, in fact,contain more than 16 joins, and Sybase simply could not execute these queries .Future versions of the compiler should detect relational expressions that produceSQL queries with more than 16 joins and decompose these expressions intosmaller subexpressions that yield �valid� SQL queries. Another limitation wasthat the ProDBI Prolog-to-Sybase interface did not import date-valued datacorrectly. Specifically, database values having the Sybase data type �datetime�(a data type that specifies a date and a time of day, such as �10/07/92 07:30�)were returned to Prolog with their values truncated to just the date component(for example, �10/07/92�). This loss of time-of-day information caused certaintemporal comparisons that appeared in ReFER queries to be incorrect. I

1Quintus, Inc., 47212 Mission Falls Court, Fremont, CA 945392Sybase, Inc., 6475 Christie Avenue, Emeryville, CA 946083ProDBI is also available from Quintus, Inc.

Chapter 5 The Implementation and Evaluation of TransFER171circumvented this problem by converting all datetime-typed values tocanonically formatted text strings before performing any temporal comparisons(such as �92/10/07 0730�), but this solution introduced extra runtime operations.Optimal performance will require a database-interface library that importsdatetime-typed values without truncation.Although I implemented the prototype on a Sun SPARCstation running theSunOS operating system, the application could be ported with minimal or nomodifications to any environment jointly supported by Quintus Prolog, ProDBI,and Sybase. Currently, these environments include the following hardwareplatforms (with operating systems in parentheses): DEC Alpha (OSF/1), HP9000—series 700/800 (HP-UX), IBM RS/6000 (AIX), SGI (IRIX 5), and Sun SPARC(Solaris). Furthermore, because the SQL-translator module generates standardANSI SQL queries, one could use the TransFER prototype to access Informix,Ingres, or Oracle databases running on any of the supported hardware andoperating-system environments. Although I have not yet attempted to run theTransFER prototype in any other hardware, operating-system, or DBMSenvironment, a significant degree of portability theoretically exists.5.4 Structure of the ExperimentIn this section, I describe the protocol of the experiment that I conducted usingthe prototype implementation. The objective of the experiment was to evaluatethe TransFER query-translation methodology with respect to the performancecriteria defined in Section 5.2.4. The experiment was a controlled trial that poseda realistic, though not exhaustive, set of database mapping problems to theTransFER methodology. I described the general design of the experiment inSection 5.1. I now discuss each sequential phase of the experiment in detail.5.4.1 Phase 1: Independent clinical database designThree groups of experimental subjects were given the same clinical data set andasked to design a relational database schema to represent that data set. Eachgroup consisted of one clinician and one database expert, recruited from theSection on Medical Informatics or the Computer Science Department at Stanford.All subjects were volunteer graduate students. To avoid bias in the design of thedatabase schemas, I chose volunteers who had minimal knowledge of the

Chapter 5 The Implementation and Evaluation of TransFER172TransFER query-translation methodology, including the FER data model and theReFER query language.The clinical data set that I provided to the subject groups represented a subset�in terms of both size and scope�of the patient-specific data that typicallyappear in clinical information systems. The data set described the hospitaladmissions and inpatient stays of two actual patients in the ICU of a majorhospital. The data set consisted of approximately 40 distinct data elements (forexample, �Medications�) and 300 total data values (for example �Albuterol MDI4 puffs q4�). The types of information represented included demographics,medical history, vital signs, laboratory results, and medication records.Obviously, many data that typically appear in electronic medical records areomitted, including orders, radiology reports, progress notes, and administrativeinformation. However, the data elements that were included constituted most ofthe structured data that appear in electronic medical records today and thatrepresent the difficult modeling challenges faced by designers of relationalclinical databases. I assert that it is the modeling of these data that leads torepresentational heterogeneity among clinical databases. The complete data setand the instructions to the volunteer groups appear in Appendix C.I provided the data set to the subject groups in a �representationally neutral�format so as to minimally influence the design of the relational schemas. To thisend, I formatted the primary data much as they would appear in a paper medicalrecord: The history and physical were presented in narrative form, thelaboratory results were presented as episodic sets of test values, and the vitalsigns and ICU monitor data were presented as charted flow sheets. Also, all datavalues were represented by natural-language descriptors, such as �BloodGlucose,� rather than �GLU,� to avoid biasing the choice of coding schemes. Inproviding the data set in a representationally neutral format, I hoped to simulatethe database design process that takes place at clinical institutions when paper-based medical records are modeled in clinical information systems. The intent ofsimulating the database design process was to achieve a representative degree ofheterogeneity among the resulting schemas.The result of the database design phase was a set of independently specifiedrelational schemas. Each schema consisted of a set of valid SQL data-definitionstatements that could be processed by a relational DBMS to create the database

Chapter 5 The Implementation and Evaluation of TransFER173structure. For the purposes of this experiment, all three groups used the SybaseDBMS. After implementing its database, each group also populated the databasewith the clinical data set, employing whatever coding scheme it chose torepresent the data elements. The groups were given the flexibility to use existingcodes drawn from standard terminologies, such as ICD9 and SNOMED, or todefine their own ad hoc codes, provided that the meanings of all codes weredocumented.The specific constraints imposed on the volunteer groups in designing therelational databases are summarized by the following rules:1. The relational schemas had to represent all of the data provided in theclinical data set.2. The groups could enrich the data set by adding types of objects thatwere not already represented, as well as instances of those types.However, the groups could not expand the data set by adding instancesof any object types that were already represented.3. No group could consult with any other group.5.4.2 Phase 2: Design of the FER schemaIn this phase, which took place concurrently with Phase 1, I modeled the sameclinical data set given to the subject groups using the FER data model. The resultwas an FER schema that included all of the entity types, relationship types, andIS-A connections represented (explicitly or implicitly) in the clinical data set.Phase 2 took place before I had seen any of the relational schemas designed bythe subject groups or any of the clinical queries formulated by the domainexperts (see Section 5.4.3). This sequence prevented my design of the FERschema from being biased by knowledge of either the specific relational schemasto which the FER schema would be mapped or the data-access paths that thespecific queries would require. Because I was evaluating the ability of the FERmodel and the ReFER query language to represent a wide range of databasedesigns and clinical queries, the validity of the experiment depended onavoiding bias in these regards. The FER schema that I defined for the clinicaldata set appears in Appendix E.

Chapter 5 The Implementation and Evaluation of TransFER1745.4.3 Phase 3: Formulation of clinically relevant queriesTwo physicians independently formulated a set of queries requesting clinicallyrelevant information known to be available in the data set. I subsequentlyencoded the queries in the ReFER query language such that they were consistentwith the conceptual FER schema I had specified.The clinicians were instructed to generate queries that were representative of thevaried uses of clinical data, including direct patient care, clinical practiceguidelines, clinical alerts, and outcomes assessment. The queries were based onthe data actually available in the clinical data set, rather than on the morecomplete data set that typically appears in medical records. The data wereprovided to the physicians in the same representationally neutral format as theywere provided to the database-design groups, so that the formulation of thequeries would not be biased toward any particular relational database design.This method of query formulation is consistent with the way in which queries areformulated in actual decision-support applications that will be shared: Queryauthors have no knowledge of the various relational implementations to whichtheir queries will be translated.The result of the query formulation phase was a set of 23 clinically relevantqueries encoded in natural language. An example of such a query is �How manyhours after Patient #2 was placed on Cefotetan did her temperature fall below101?� Because there currently exist neither a standard reference model forclinical data nor a standard query language for clinical queries, natural languageprovided the only site-independent format in which to formulate queries thatcould be shared among clinical database implementations.I subsequently translated each of the natural-language queries generated by thephysicians to equivalent ReFER queries formulated with respect to the FERschema that I had defined for the clinical data set. Note that I translated thequeries to ReFER before I had specified any mappings between the FER schemaand the relational schemas so as not to bias my formulation of the queries basedon the characteristics of the mappings. The complete set of natural-languagequeries that the physicians formulated and the ReFER translations of thosequeries that I specified are listed in Appendix F.

Chapter 5 The Implementation and Evaluation of TransFER1755.4.4 Phase 4: Mapping the relational schemasUsing the extended relational algebra (ERA) mapping language, I mapped theFER schema that I had defined to each of the relational database schemas that thevolunteer groups had implemented. Recall that the FER schema and each of therelational schemas were based on the same clinical data set. For each relationalschema, the mapping consisted of an ERA expression for each entity type andrelationship type in the FER schema. External functions were specified wherenecessary and were implemented in a general-purpose programming languageas part of the TransFER run-time system.In a realistic application of the TransFER technology, the ERA mappings betweenthe FER schema and a relational database would have been performed at eachdatabase site by personnel who are familiar with the semantics of the localdatabase and the FER schema. However, it was not feasible in the context of myexperiment for each database design group to perform the mappings, because asuitable user interface in which to specify mappings did not yet exist and becausethe volunteer subjects did not have sufficient time to learn the details of theTransFER model. For purposes of the experiment, therefore, I assumed thatpersonnel at each site could perform the mappings as accurately as I couldperform them myself. I can test the validity of this assumption in subsequentevaluations of TransFER.5.4.5 Phase 5: Automatic translation of the ReFER queriesFor each relational implementation of the clinical data set, I translated the set ofReFER queries to a set of corresponding SQL database programs by using theTransFER compiler. The compiler used the ERA mappings specified for eachdatabase implementation. The inputs to the TransFER compiler were the�source� ReFER queries, the FER schema, and the implementation-specific ERAmappings. The output of the compiler was a set of database programs consistingof SQL queries and calls to external functions (when required). The TransFERruntime system executed each set of the query programs against its respectivedatabase implementation and I collected and analyzed the results. I present thedata produced by the evaluation experiment in the following section.

Chapter 5 The Implementation and Evaluation of TransFER1765.5 ResultsEach step of the experiment yielded useful data for (1) understanding the natureof database schema heterogeneity in the context of clinical information systemsand (2) assessing the effectiveness of the TransFER technology with respect to theperformance criteria.5.5.1 Database schema heterogeneityThe intent of TransFER is to render transparent to decision-support applicationsthe heterogeneity of legacy clinical databases. The evaluation experiment is onlyvalid, therefore, if the subject groups generated database schemas with realisticand representative degrees of heterogeneity. Such heterogeneity should includenaming differences, structural differences, semantic differences, and data contentdifferences [Deen, et al. 1987]. The three generated schemas manifestedheterogeneities in each of these categories. The complete relational schemas forthe three databases appear in Appendix D.1.Naming differences are characterized by distinct syntactic labels for thesame semantic constructs across schemas. Naming differences amongthe generated clinical databases included numerous variations in tablenames (for example �meds� versus �Medications�) and field names (forexample �dose� versus �MedAmount�). Naming differences also weremanifested in the coding systems used to populate the databases. Forexample, one database-design team used SNOMED-III codes {{ref}} torepresent all medical concepts, whereas the other two teams usednonstandard numerical codes and text strings.2.Structural differences entail different decompositions of semanticobjects into the tables and fields of a relational schema. A structuraldifference among the database schemas was variation in thenormalization of medication data. One schema represented in a singletable the medications that patients had received and the properties ofthose medications (resulting in a denormalized schema); anotherschema represented data regarding the dosage units and routes ofadministration of medications in a separate reference table from dataregarding the medications that patients received (resulting in a

Chapter 5 The Implementation and Evaluation of TransFER177normalized schema). Clearly, the degree of normalization influencesthe query operations that are required to access and associateinformation. Structural heterogeneity also appeared in therepresentation of drug allergies: One schema recorded all of theallergies for a patient as a single text string in one field of the patientdemographics table, whereas another schema represented patients’allergies in a dedicated table that included one row for each allergy (seeFigure 5.2).Figure 5.2: Structural differences in the representation of patient allergies between two ofthe relational databases generated for the evaluation experiment.3.Semantic differences exist when the meanings of corresponding tablesor fields differ in a manner that depends on implicit information.Semantic differences appeared in the representation of patients’admission and discharge diagnoses. One schema represented thisinformation in dedicated tables named �AdmitDiagnosis� and�DischargeDiagnosis,� whereas the other two schemas representedpatients’ diseases in a single table and provided no explicit indication ofwhich diseases constituted the admission and discharge diagnoses. Inthe latter cases, admission and discharge diagnoses could only bededuced by comparing the admit date and discharge date of eachadmission with the start date and resolution date of each disease.4.Data content differences exist when information represented in oneschema is omitted entirely from another schema and cannot be deducedfrom represented information. Data content differences among theschemas used for evaluation included the omission of drug allergies

Chapter 5 The Implementation and Evaluation of TransFER178and medication stop times from one of the schemas. For both dataelements, the omitted values were assumed to be NULL, although thisvalue was not necessarily consistent with the values represented in theother databases. When a data element that appears in the FER schemais omitted from a database, the database mapper either must make anassumption about the value of the missing datum or must assign aspecial value to the missing datum indicating that it is unknown.Given that significant heterogeneity did exist among the clinical databaseschemas that were generated, the performance of the TransFER technology in thecontext of the experiment is a meaningful, albeit preliminary, indicator of theutility of TransFER in the �real world.� The following sections discussTransFER’s performance with respect to each of the criteria that I defined inSection 5.2.5.5.2 Latitude and declarativenessTable 5.1 addresses the performance of TransFER with respect to latitude anddeclarativeness.SchemaMapping Yield (%)External Function Use (%)

Schema 1 145/183 (79%) 12/145 (8%)

Schema 2 183/183 (100%) 13/183 (7%)

Schema 3 183/183 (100%) 13/183 (7%)

Table 5.1: Success rates for mapping the FER schema to three relational schemas.Mapping Yield indicates the proportion of entity types and relationship types in the FERschema that were mapped successfully to the relational schema. External Function Useindicates the proportion of entity-type and relationship-type mappings that includedcalls to external functions.The �Mapping Yield� column in Table 5.1 indicates the proportion of entity typesand relationship types in the FER reference schema that I successfully mapped toeach of the three relational schemas using the relational algebra mappinglanguage.Although I was able to map Schemas 2 and 3 completely to the FER referenceschema, Schema 1 proved problematic because its designers chose not to model

Chapter 5 The Implementation and Evaluation of TransFER179clinical diagnoses and medical procedures in a structured relational format.Rather, the diagnoses and procedures associated with each patient wererepresented in a single text field as a narrative description of the patient’s chiefcomplaint and past medical history. The contents of this field resembled thefollowing text string: �asthma since age 8, left nasal polyp removal 1985, chronicsinusitis since 1980.� The extraction of distinct disease and procedure entitiesfrom such narratives was beyond the capabilities of the relational algebra or ofany external functions available to me. In this sense, Schema 1 was beyond the�latitude� of TransFER. However, of the comparative query-translationtechniques, only the manual inspection and interpretation of Schema 1 couldhave achieved a better result given current technology. In the future, natural-language processing techniques for clinical narratives [Sager, et al. 1994] maybecome sufficiently powerful and reliable to extract structured information fromfree-text descriptions. For the present, however, disease and procedure datamodeled as free-text narratives are beyond the latitude of any automatedretrieval techniques.The �External Function Use� column of Table 5.1 denotes the proportion ofmappings that required at least one external function call to represent accuratelythe semantics of FER entity types or relationship types. As the data indicate,external functions were required sparingly. Operations requiring externalfunctions included (1) the decomposition of a single text field containing multipleallergies into a set of text fields each containing a single allergy and (2) the data-type conversion of date-valued fields to a format that readily supported temporalcomparisons. Given the degree of heterogeneity among the generated relationalschemas, the infrequent need for external functions indicates the power of therelational algebra as a mapping language and bodes well for the optimizationpotential of queries generated by the TransFER methodology.5.5.3 Expressiveness and correctnessTable 5.2 addresses the performance of TransFER with respect to expressivenessand correctness. The ability of the ReFER query language to express the clinicalqueries formulated in Phase 3 of the experiment reflects the adequacy of theTransFER model in supporting the data-access needs of decision-supportapplications.

Chapter 5 The Implementation and Evaluation of TransFER180

ParameterValue

Physician queries encoded in ReFER (%)Translated queries returning correct values (%)70% (16/23)92% (36/39)

Table 5.2: The expressiveness and correctness of TransFER. The percentage of queriessuccessfully encoded in ReFER reflects the expressiveness of the ReFER query language.The percentage of translated queries returning correct values reflects the correctness ofthe TransFER query-translation methodology.The data in the first row of Table 5.2 show that seven of the 23 queries specifiedby physicians as relevant to decision support (30%) could not be encoded in theReFER query language. Five of the seven queries could not be encoded becauseReFER currently lacks constructs to perform certain temporal operations, such asretrieving the three most recent values of a parameter or computing thedifference in hours between two time points. For example, the following specificqueries (as formulated by the physician experts) could not be supported by theReFER query language:1.Retrieve the last 3 arterial blood gas (ABG) measurements for Patient #1as of 1:00 p.m. on August 27, 1993.2.Retrieve all of the ABG measurements for Patient #2 within 6 hoursbefore and 1 hour after mechanical ventilation.The 30% failure rate for encoding clinically relevant queries implies that theaddition of more powerful temporal operators to the query language wouldimprove TransFER’s ability to directly support certain queries. However, even inthe absence of such operators, decision-support applications can use theTransFER model as an interface to clinical databases provided that theapplications implement certain temporal operations themselves. For example, toderive the last three ABG measurements for a patient, an application couldretrieve all of the ABG measurements and subsequently filter out all but the threemost recent.Each of the ReFER queries subsequently was processed by the translatingcompiler three times, once using each set of schema-specific ERA mappings. Theresult of each translation was a database program consisting of SQL queriesinterspersed with external function calls. When executed against the appropriaterelational database, each program should have returned the data requested in the

Chapter 5 The Implementation and Evaluation of TransFER181original ReFER query. Any discrepancy between the data originally requestedand the data ultimately retrieved constituted a correctness failure. Of the 48potential query translations, 39 produced �valid� database programs. Theremaining nine translations produced programs that were not valid because atleast one of the generated SQL queries referenced more than 16 relational tables,an arbitrary limit of the database software used for the evaluation (Sybase).When the 39 valid translations were executed, 36 (92%) produced correct results.The gold standard for correctness was determined by manually inspecting theoriginal data set in its paper-based format. The modest size of the data set madesuch a manual inspection feasible. Of the three cases in which incorrect datawere returned, a different reason was responsible for each failure:1.One query failed due to an erroneous mapping expression; when Icorrected the mapping error and recompiled the query, the correct datawas returned. Mapping errors may be subtle and remain undetected inthe absence of rigorous testing. This fact points to the need forextensive test suites of standardized data and queries to increase thelikelihood of detecting errors.2.Another query failed because one of the subject groups populated itsrelational schema in a manner inconsistent with the semantics of theoriginal clinical data set; after we modified the relational data, the samequery produced correct results.3.The third failure occurred because one relational schema contained nodata regarding patient allergies, although this data was included in theclinical data set. When I mapped the FER relationship typerepresenting each patient’s allergies to this schema, I assumed thatpatients had no allergies because no data existed from which to derivean appropriate set of allergies. This assumption was incorrect andcaused incorrect data to be retrieved by a query. Missing clinical dataelements pose a significant problem for the sharing of clinical decision-support applications, because incorrect assumptions regarding thevalues of such elements may affect the validity of inferences in waysthat are not apparent to users. The alternative to making assumptionsregarding the values of missing data at the time that a relational schema

Chapter 5 The Implementation and Evaluation of TransFER182is mapped is to assign a special value to those data that notifies theapplication or the user that the requested information is not available.This alternative allows an application to incorporate the knowledge thatcertain data is missing into its logic and to respond in an application-specific and appropriate manner (for example, by querying the user).5.5.4 EfficiencyTo assess the efficiency of the relational queries produced by the TransFERquery-translation methodology, I compared the 39 TransFER-generated databaseprograms to a corresponding set of 39 database programs that I manually encodedfor the same ReFER queries. The manually encoded database programsconstitute a gold standard of efficiency in the sense that I formulated these querieswith the intent of specifying the minimal set of SQL operations required toretrieve the requested data. Recall from Section 4.4 that the TransFER query-translation methodology may introduce redundant relational operations into thetranslations of ReFER queries, which result in relational expressions that aresignificantly more complex than necessary; the query optimizer subsequentlydetects and eliminates certain of these operations in an attempt to arrive at aminimal relational algebra expression that has the same meaning as the originalexpression. The purpose of directly comparing the TransFER-generated databaseprograms to the gold-standard database programs is to assess the effectiveness ofthe query optimizer in removing unnecessary operations and in automaticallygenerating SQL queries that are as efficient as manually generated queries.I characterize the complexity of each database program generated by TransFERin terms of two parameters: (1) the number of distinct SQL queries in eachdatabase program (�SQL queries/ReFER query�) and (2) the Join Index of eachdatabase program (�Join Index/ReFER query�). The Join Index (JI) of a databaseprogram is defined as the total number of joins across all of the SQL queries inthe program plus two times the number of SQL queries in the program. The JI isan approximate measure of the complexity of database programs that consist ofmultiple SQL queries. The assumption underlying this metric is that theoverhead associated with each distinct SQL query in a database program isroughly equivalent to two relational joins. I use relational joins as a measure ofcomplexity because they typically constitute the bulk of the run-time processing

Chapter 5 The Implementation and Evaluation of TransFER183of SQL queries. This definition of the JI implies, for example, that a databaseprogram consisting of five SQL queries that each contain one join (JI = 15) is morecostly to execute than a database program consisting of one SQL querycontaining five joins (JI = 7).

ParameterManualtranslationTransFERtranslation(no optimization)TransFERtranslation(partial optimization)

Average # SQL queries/ReFER query1.1 (1—2) 5.5 (3—11)3.5 (1—9)

Average JI/ReFER query4.4 (2—9)22.9 (9—54)17.1 (2—44)

Table 5.3: The complexity of TransFER-generated queries Numbers in parenthesesindicate the range of values of each parameter.Table 5.3 shows the average number of SQL queries and the average join indexfor the entire set of 39 database programs generated by the TransFER compiler.The parameters were calculated once before any optimizations wereimplemented (column 3 of Table 5.3) and once after a subset of the proposedoptimizations was implemented (column 4 of Table 5.3). The results in column 4do not represent the truly optimal complexity of TransFER-generated queriesbecause not all of the potential optimizations described in Chapter 4 wereimplemented at the time I obtained the results. Column 2 of Table 5.3 shows theaverage number of SQL queries and the average join index for the gold-standarddatabase programs that I generated manually.It is useful to consider the complexity of the original ReFER queries that formedthe basis of the translations characterized in Table 5.3. The 39 ReFER queries thatwere translated to database programs contained, on average, one term, twodeclarations, and four predicates. The following ReFER query, therefore, isrepresentative of the average complexity of the 39 translated queries:[ value-of(na) | (pt : Patient), (na : Serum_Na) AND Patient-Test(pt,na) AND last-name-of(pt) = �Smythe� AND time-of(na) > �1995/09/20 0000� AND time-of(na) < �1995/09/21 0000� ]The data in Table 5.3 indicate that the automatically generated databaseprograms (before optimization) are more complex than the ideal (gold-standard)

Chapter 5 The Implementation and Evaluation of TransFER184programs by a factor of five to one. Direct comparison of correspondingdatabase programs confirms that superfluous JOIN and UNION operations in theTransFER-generated programs are, in fact, responsible for the disparity incomplexity. However, the data also indicate that implementation of just a subsetof the optimization rules described in Section 4.4 results in a 20 percent reductionin complexity. This result is promising because it indicates that optimizationtechniques based on the principles of relational algebra can significantly improvethe efficiency of TransFER-generated queries. The development andimplementation of additional optimization rules will likely lead to furtherperformance improvements, bringing the efficiency of TransFER-generateddatabase programs closer to that of the gold standard. I will continue to use thejoin-index metric to gauge progress as the development of optimizationscontinues.The definition of formal evaluation criteria, the implementation of a workingprototype, and the execution of a carefully planned experiment allowed me torigorously assess the merits of the TransFER methodology with respect to a non-trivial query-translation problem. In the next chapter, I discuss the value as wellas the limitations of the experimental results that I obtained. I also look ahead tofuture research based on the TransFER model for query translation, and Isummarize the contributions of the TransFER methodology to sharing decision-support applications.

185Chapter 6Summary and ConclusionsIn this dissertation, I have described and evaluated a novel technology tofacilitate the sharing of decision-support applications. Predicated on the beliefthat decision-support applications should access clinical databases directly andthat clinical databases will remain heterogeneous in their organization andimplementation, the TransFER technology facilitates sharing by automaticallytranslating database queries to a variety of equivalent formulations so that decision-support applications can retrieve data directly from a variety of clinicaldatabases. Although TransFER�s query-translation methodology supportsdatabases implemented in the relational model only, the methodologyaccommodates a large space of different relational database implementations.These implementations may vary in their relational representations of real-worldobjects, in their naming of tables and fields, in their coding of medical data, andin their dialects of relational query languages. The TransFER technologyautomatically resolves many of these heterogeneities so that developers canembed queries in decision-support applications without concerning themselveswith the implementation details of existing clinical databases.6.1 The Essence of TransFERIn Chapter 1, I described how heterogeneity among database implementationscurrently impedes the sharing of decision-support applications that retrieve datadirectly from clinical databases. The crux of the problem is that database queriesembedded in decision-support applications must be customized at each sitewhere the application is deployed, and this process is costly, time-consuming,and error-prone. In Chapter 2, I discussed previous research on standard datamodels and automated query-translation methods to reduce the costs and errorsassociated with customizing database queries. Although significant work has

Chapter 6 Summary and Conclusions186been done by distributed database developers, artificial intelligence researchers,and informatics-standards bodies, I concluded that no satisfactory integration ofdata-modeling and query-translation methods yet exists to support fully thesharing of decision-support applications.In Chapters 3 and 4, I presented my own methodology for customizing databasequeries, called TransFER, which automatically translates queries based on theencoded specifications of various relational databases. The methodology consistsof four formal components:1. A semantic data model for representing the contents of clinicaldatabases2. A logic-based query language for encoding queries in a database-independent way3. A database-mapping language based on a variation of the relationalalgebra4. A query-translation algorithm based on the theory of attributegrammarsThe data model and query language are sufficiently abstract that they allowdevelopers of decision-support applications to encode queries in manner thatsubsumes the database schema and query language of any specific relationaldatabase implementation. The mapping language allows database experts ateach site to encode declaratively the correspondence between the global abstractschema of clinical information (specified in the semantic data model) and the localimplemented schema of clinical information (specified in the relational data model).The query-translation algorithm applies the encoded mappings at each site toautomatically translate queries that appear in decision-support applications toequivalent relational queries that are specific to the database structure, clinicalvocabulary, and query language in use at that site. The result of the translation isa database program consisting of SQL queries (which the local database enginecan execute) and calls to arbitrary functions (which the local computingenvironment can process). The appropriate interleaving of SQL queries andfunction calls retrieves from the local database the clinical data requested by thedecision-support application.

Chapter 6 Summary and Conclusions187Although other methods exist for automatically translating database queriesfrom a semantic data model to the relational data model, the TransFERmethodology is novel in that it bases the query translation on explicit anddeclarative mappings between individual constructs of the semantic databaseschema and a relational database schema. The mapping of individual schemaconstructs in a declarative language simplifies the database-mapping process forhuman mappers by dividing the task into discrete modular steps and bysupporting automated validation. The explicit specification of mappingsfacilitates the automated query-translation process by representing preciselywhich transformations are required to effect the translation, rather than requiringa compiler to search the space of possible transformations. The declarativerepresentation of mappings in the extended relational algebra language supportsthe optimization of translated queries via equivalence-preservingtransformations based on the formal properties of the relational algebra; I havedefined and proven formally a set of such transformations. The explicit,declarative, and modular nature of the mappings allows queries that appear indecision-supported applications to be customized more easily, accurately, andefficiently than was possible with previous methods.6.2 The Meaning of the EvaluationIn Chapter 5, I presented and discussed the results of an experiment I conductedto test the effectiveness of my methodology in practice by translating queries tothree independently designed clinical databases. Three groups of volunteersubjects generated the relational databases based on a single clinical data set, andtwo physicians specified a set of representative queries with respect to the sameclinical data set. The TransFER compiler subsequently translated the queries tothree sets of database-specific programs based on mappings that I specified foreach database implementation.Given that the generated relational databases manifested significantheterogeneity, the experimental data was valid for evaluating the TransFERmethodology. By assessing TransFER with respect to the five performancecriteria that I defined in Section 5.2.4, I can now consider whether TransFER issuperior to existing methods for sharing applications that access clinicaldatabases. I address TransFER�s performance with respect to each criterion inthe following sections.

Chapter 6 Summary and Conclusions1886.2.1 LatitudeThe relational algebra mapping language handled heterogeneity in the structuredrepresentation of clinical data; this heterogeneity included table/field namingdifferences, coding differences, denormalization, and implicit versus explicitmodeling. The mapping methodology could not accommodate certainunstructured representations, such as free-text fields that contained narrativeclinical descriptions. However, no existing method for translating queries suchthat they can be executed automatically accommodates all narrative descriptionseither. The latitude of TransFER is, therefore, equivalent to existing query-translation methods. When natural-language processing techniques becomeavailable to structure narrative clinical data, the extensibility of the TransFERmapping language via external-function calls will be able to exploit thetechnology to increase the latitute of the TransFER methodology.6.2.2 DeclarativenessLess than 10 percent of the mappings across all of the schemas included externalfunction calls. The Physician Workstation (PWS) environment, the only existingmethod that performs query translation automatically, requires proceduralfunctions for every mapping. TransFER, therefore, provides significantly greaterpotential for query optimization than PWS because the declarative semantics ofthe relational mapping language support automated query transformation. Idemonstrated this advantage by showing a 20 percent improvement in theefficiency of generated database programs when I implemented optimizationrules based on the formal properties of the relational algebra.6.2.3 ExpressivenessAlthough nearly a third of the queries generated by the physician experts couldnot be encoded completely in the ReFER query language, the missing queryconstructs were primarily aggregation and arithmetic-manipulation operators fortemporal data (as opposed to data-retrieval operators). In practice, thisdeficiency is not a critical limitation because decision-support applications canperform aggregation or arithmetic manipulation of temporal data themselvesafter the TransFER interface has retrieved a superset of the required data.Furthermore, the standard SQL query language itself does not contain

Chapter 6 Summary and Conclusions189aggregation operators or arithmetic operators for temporal data; this implies thatno query-translation method can generate SQL queries that capture the semanticsof the information requests more fully than ReFER.6.2.4 CorrectnessThe errors of correctness in the evaluation experiment resulted from missing datain the relational implementations or from faulty mapping specifications, ratherthan from any intrinsic flaws in the query-translation mechanism. If oneassumes that the relational databases to which an FER schema is mapped containall of the data represented in the FER schema and that the mappings for all entitytypes and relationship types in the FER schema are defined correctly, then thedata from the experiment indicates that the TransFER methodology translatesqueries with 100 percent accuracy. This result confirms that the query-translation methodology, per se, is sound. Although, in practice, certainrelational databases may not contain all of the information represented in theFER schema, these cases could be handled by extending the FER data model toinclude constructs that explicitly denote occurrences of missing data; thisinformation would allow applications to respond to the absence of requesteddata in an appropriate manner (such as querying the user).6.2.5 EfficiencyThe data from the experiment clearly identify efficiency as the greatest currentlimitation of the TransFER methodology compared to existing manual query-translation methods. The four-fold difference in complexity between TransFER-generated database programs and manually generated database programsprobably precludes the clinical use of TransFER at this time. However, theopportunity for optimization, both theoretical and realized, that TransFER’sdeclarative mappings provide constitutes an improvement over any automatedquery-translation methods that currently exist. Further investigation andimplementation of query-optimization techniques ultimately may make theefficiency of TransFER-generated query translations comparable to that ofmanually generated translations. Given that TransFER is already competitivewith existing methods in terms of latitude, declarativeness, expressiveness, andcorrectness, significant advancements in efficiency may well establish TransFER

Chapter 6 Summary and Conclusions190as the preferred method for sharing decision-support applications that accessclinical databases.6.2.6 Generalizing the resultsThe experiment that I conducted provided an initial evaluation of the power andgenerality of the TransFER translation methodology. In designing theexperiment, I took steps to create as realistic a set of problems as possible againstwhich to test TransFER’s capabilities. These steps included acquiring actualclinical data, transforming the clinical data to a representationally neutral form,taking care to not bias participants, and carefully ordering the sequence of data-modeling and query-formulation tasks. However, even accounting for thesemeasures, the problems posed to the TransFER technology by this experimentwere not complete with respect to the heterogeneity that exists among �real-world� clinical databases. To determine the meaning of the experiment and thegeneralizability of the results, one must characterize the nature and the extent ofthe differences between �real-world� database heterogeneity and the databaseheterogeneity encountered in the controlled experiment. Specifically, theexperiment simplified the query-translation problem in at least five ways.6.2.6.1 A single clinical data setI distributed to each of the database-design groups the same clinical data set thatI used to design the FER schema. Because I instructed each database-designgroup to include in its relational database implementation all of the datarepresented in the clinical data set, almost all data elements modeled in the FERschema appeared in each relational schema. This situation is unrealistic, becausecertain �real-world� legacy databases may be missing data elements that appearin the FER schema; missing data may make the mapping problem more difficultand may compromise the correctness of applications that use the TransFERmodel. However, the issue of FER data elements missing from relationaldatabase implementations is not central to the evaluation of the TransFERtranslation methodology, per se, because the translation methodology assumesthat all target databases contain the same information as the FER schema. I cantest the validity of this assumption in subsequent evaluation experiments anddevelop methods to inform applications that information is missing, if necessary.

Chapter 6 Summary and Conclusions1916.2.6.2 A circumscribed clinical data setThe scope of the clinical data set that I distributed to the database-design groupswas significantly smaller than the scope of data sets that are modeled in real-world clinical databases. A larger number of data elements increases thecomplexity of the relational database designs and results in greaterrepresentational heterogeneity among the designs. For example, the data setused in the experiment included only ICU patients, whereas a real-world data setmight also include outpatients, ward inpatients, etc., resulting in a more complexrelational schema. However, although the clinical data set that I used did notgenerate a complete set of representational heterogeneities, it was sufficientlylarge and complex to provide an opportunity to address several important issuesof representational heterogeneity. As described in Section 5.5.1, representationalheterogeneities of several kinds appeared among the three relational databasesthat were generated for the experiment. These heterogeneities provided a set ofrealistic and non-trivial mapping problems for the TransFER methodology.6.2.6.3 A limited number of target databasesRealistically, TransFER will need to map the FER query model to clinicaldatabases at hundreds of provider sites. The experiment that I conductedrequired TransFER to map the FER query model to only a handful of clinicaldatabases. A greater number of target databases undoubtedly will create agreater degree of representational heterogeneity to be resolved by the TransFERmethodology. However, the degree of heterogeneity probably is notproportional to the number of clinical database sites: There may be only a finitenumber of ways in which typical clinical data is modeled relationally, and certainsites may share the same relational implementation because they havepurchased commercial clinical databases from the same vendor. Although ahandful of clinical database implementations did not exhaustively testTransFER’s ability to resolve representational heterogeneities, it did indicatewhether the TransFER methodology is a feasible means of resolving theheterogeneities that typically arise in the representation of clinical data.

Chapter 6 Summary and Conclusions1926.2.6.4 A limited number of clinical queriesThe FER clinical data schema and the TransFER query-translation methodologyare intended to support the data-access needs of numerous and diverse decision-support applications. Although the physicians who generated the set of testqueries for the experiment attempted to simulate these data-access needs ascompletely as possible, the full range of queries required by medical decision-support applications could not be represented by the relatively modest set ofqueries that the physicians formulated. However, the query authors wereencouraged to produce and had the background to produce a diversity of data-access requests related to patient care, clinical research, outcomes assessment,and clinical practice guidelines. Although the queries were not exhaustive, theywere representative in terms of content, complexity, and diversity.6.2.6.5 A single relational DBMSAll of the subject groups implemented the relational databases that theydesigned using the Sybase relational DBMS. Realistically, health care institutionsimplement clinical databases using a variety of relational DBMS platforms, suchas Sybase, Oracle, Informix, IBM DB2, etc. Each of these platforms differsslightly in the dialect of SQL that it provides as a query interface. By requiringall of the database-design groups to use Sybase, I avoided the addedcomplication of translating ReFER queries to multiple dialects of SQL. Howeverthis simplification does not detract appreciably from the validity of theevaluation because the objective of the TransFER methodology is to resolverepresentational heterogeneity rather than access heterogeneity among clinicaldatabases [Sheth and Larson 1990]. Access heterogeneity entails primarilydifferences in network connections to database servers, application programminginterfaces to DBMSs, and syntactic details of SQL. Several commercial vendorsalready have addressed the problem of access heterogeneity among relationalDBMSs [Burleson 1995], and I could incorporate these technologies into futureversions of TransFER to provide access to various database-system platforms.Because of the factors described in Sections 6.2.6.1—6.2.6.5, the problems that Ipresented to the TransFER methodology in the evaluation experiment were notcomplete with respect to the representational heterogeneities that exist amongreal-world clinical databases. However, the problems were representative of those

Chapter 6 Summary and Conclusions193heterogeneities. Because the experiment provided a realistic, representative, andnon-trivial test of TransFER’s capabilities, the favorable results indicate thatTransFER is a significant novel technology with potential utility for sharingdecision-support applications.The results of the experiment also indicate that additional research andevaluation is required before one can deploy TransFER as a general technologyfor translating database queries automatically across heterogeneous databasesites.6.3 Future WorkAlthough the TransFER methodology shows promise as an effective model forsharing decision-support applications that include database queries, more workis required before TransFER can be applied to solve the real-world problems ofapplication portability. Outstanding research issues include:¥Development of a global FER schema of clinical information that issufficiently comprehensive to support a variety of clinical decision-support applications yet sufficiently constrained to represent thecontents of most clinical databases¥Development and implementation of additional optimizationtechniques to reduce further the complexity of relational queriesgenerated by the TransFER compiler¥Development of application programmer interfaces (APIs) to TransFERfrom a number of programming languages, so that ReFER queries canbe embedded in and integrated with the code of decision-supportapplications¥Development of a sound method to represent that a certain datum is notavailable in a clinical database and to notify decision-supportapplications of this fact at the time the datum is requested¥Design and execution of further evaluation experiments that involveactual clinical databases and decision-support applications

Chapter 6 Summary and Conclusions194Work in these areas is necessary before the concept of TransFER described in thisdissertation can be realized in practice. Several extensions to the TransFERmodel are also worth investigating:¥Development of additional query-translation algorithms that cantranslate ReFER queries to the query languages of nonrelational legacydatabase systems, such as object-oriented databases and hierarchicaldatabases¥Enhancement of the TransFER query-translation algorithm to aggregatedata from multiple heterogeneous databases, so that TransFER is morevaluable for multisite research and decision-support applications¥Combining the FER data model with the type system of a programminglanguage to create a database programming language [Atkinson andBuneman 1987] , which could be used to build decision-supportapplications that efficiently combine data access with knowledge-basedinference.6.4 ConclusionsComputerized decision-support tools may well become a critical resource in acomplex healthcare system that faces pressure to maintain quality while reducingcosts. The effectiveness and acceptance of these tools depends, at least partially,on their ability to access up-to-the-minute patient-specific data in an accurate,timely, and unobtrusive manner. As electronic clinical databases increase inprevalence and sophistication, they offer fabulous potential to provide data todecision-support tools quickly and automatically, allowing the tools to beintegrated smoothly into the healthcare-delivery process. This desirable modelof application—database interoperability, however, is significantly complicated bythe extensive and multifaceted heterogeneity that exists and will continue to existamong clinical databases. Database heterogeneity makes it exceedingly difficultto deploy an effective and proven decision-support tool across multiplehealthcare-provider sites because the tool must be painstakingly customized tothe highly variable database specifications at each site. Until now, no technologyhas been available to automate the customization process in a principled andefficient manner.

Chapter 6 Summary and Conclusions195The TransFER query-translation methodology constitutes an important steptowards such a technology. The formal data model and query language allowthe developers of decision-support applications to specify queries preciselyenough to be unambiguous, yet abstractly enough to be portable acrossheterogeneous databases. The modular, powerful, and declarative database-mapping language allows database programmers to specify schema-to-schematransformations for a large variety of relational databases in a manner that isintuitive and that supports efficient query translation and automated queryoptimization. The attribute-grammar-based translation model allows theTransFER compiler to use a fixed set of mapping expressions to translate anarbitrary number of queries such that the resulting database programs aresemantically equivalent and locally executable. Although the computationalefficiency of automatically translated queries may be currently insufficient tomeet the demands of many decision-support applications, the formal elements ofthe query-translation model support the development of many furtheroptimization techniques. Additionally, the extensibility of the mapping languagevia external-function calls allows TransFER to incorporate future technologies forresolving database heterogeneity into the current query-translation model.Given the demonstrated soundness of the basic query-translation model, morepowerful optimization techniques and more advanced database-mappingtechnologies may well complete the link provided by TransFER betweendecision-support applications and heterogeneous relational databases.

Chapter 6 Summary and Conclusions196

197Appendix AThe ERA Mapping LanguageThis appendix specifies the extended relational algebra (ERA) mapping languagethat is used to encode the site-specific portion of a TransFER attribute grammar.Section A.1 contains the context-free grammar of the mapping language instandard Backus-Naur form (BNF) [Sammet 1969, Chap. 2, Sec. 6]. A samplemapping between a specific FER schema and relational database schema appearsin Section A.2. Section A.3 discusses the general strengths and limitations of themapping language with respect to resolving heterogeneity among relationaldatabase implementations.A.1 Context-free grammar of the ERA mapping language<mapping> ::= <defn-list><defn-list> ::= <defn>,<defn-list> | <null><defn> ::= <entity-defn> | <relship-defn> | <virt-defn> | <built-in-entity-defn><entity-defn> ::= defEntity(name(<id-atom>), era(<table-defn>), id(<id-defn>)).<relship-defn> ::= defRelship(name(<id-atom>), era(<table-defn>), id(<id-defn>), fids([<fid-defns>])).

Appendix A The ERA Mapping Language198<virt-defn> ::= defVirtual(name(<id-atom>), %define virtual relation attrs([<virt-attr-defn>, <virt-attr-defn>])).<built-in-entity-defn> ::= defBuiltInEntity(name(<id-atom>)).<table-defn> ::= rel(<id-atom>) | vrel(<id-atom>) | rename([<rename-list>],<table-defn>) | extend([<extend-list>],<table-defn>) | proj([<id-atom-list>],<table-defn>) | sel([<sel-pred>],<table-defn>) | join([<join-pred-list>],<table-defn>,<table-defn>) | union(<table-defn>,<table-defn>) | aggregate(aggparms(<parameters>),<table-defn>)<rename-list> ::= <rename-item> | <rename-item>,<rename-list><rename-item> ::= <id-atom> => <id-atom><extend-list> ::= <extend-item> | <extend-item>,<extend-list><extend-item> ::= <id-atom> == <factor><fxn-designation> ::= sql | ext %fxn is either SQL built-in or external<factor-list> ::= <factor> | <factor>,<factor-list><id-atom-list> ::= <id-atom> | <id-atom>,<id-atom-list><factor> ::= <id-atom> | const(<const-atom>) |<const-atom> ::= <quoted-string-atom> | e.g. ’"PT"’ <integer-atom> | e.g. ’7’ <float-atom> | e.g. ’6.4’ <date-string-atom> e.g. ’"12/02/63"’

Appendix A The ERA Mapping Language199<sel-pred> ::= and(<sel-pred-list>) | or(<sel-pred-list>) | not(<sel-pred>) | null(<id-atom>) | not_null(<id-atom>) | <factor> <comp-operator> <factor><sel-pred-list> ::= <sel-pred> | <sel-pred>,<sel-pred-list><comp-operator> ::= <> | = | > | < | >= | <=<join-pred-list> ::= <join-pred>,<join-pred-list> | <null><join-pred> ::= <factor> = <factor><id-defn> ::= [id-atom-list]<parameters> ::= [<arg-list>],[<group-list>], <agg-fxn-designation>,[<new-attr-list>]<arg-list> ::= <id-atom-list><group-list> ::= <id-atom-list><new-attr-list> ::= <id-atom-list><agg-fxn-designation> ::= aggsql(<id-atom>) | %sql built-in aggregator aggext(<id-atom>) %external aggregator<fid-defns> ::= <fid-defn>,<fid-defns> | <null><fid-defn> ::= fid(<id-atom>,<factor-list>)<virt-attr-defn> ::= attrdef([<id-atom-list>],[<attr-defn>] )<attr-defn> ::= const(<const-atom>) fxn(<fxn-designation>(<id-atom>),[<factor-list>]) | undefinedFxn([<id-atom>, %name of virtual relationship [<id-atom-list>], %source entity type [<id-atom-list>] ]) %target entity type<id-atom> ::= any prolog atom (see language reference)

Appendix A The ERA Mapping Language200A.2 A sample ERA mappingThis section contains a small but complete ERA mapping between an FERschema and a relational database schema. Although the sample mapping doesnot illustrate all of the features of the mapping language, it provides arepresentative example of how one encodes mappings between an FER schemaand a relational database schema. The FER schema appears in Figure A.1 and thecorresponding relational database schema appears in Section A.2.1. The ERAmapping between the FER and relational schemas appears in Section A.2.2.Figure A.1: A sample FER schema. The schema is mapped to the relational databaseschema in Section A.2.1 by the ERA mappings listed in Section A.2.2.A.2.1 A sample relational database schemaThe relational database schema shown in this section contains a superset of theclinical information represented in the FER schema of Figure A.1. Note that onlythe first four tables are part of the original database. To map this relationalschema to the FER schema in Figure A.1, the mapper added several additional"auxiliary" tables, which resolve terminological differences and provide missinginformation. For example, the auxiliary table MEDICATION_CODES maps

Appendix A The ERA Mapping Language201between the codes used in the relational database to denote medications and theentity-type names used in the FER schema to denote the same medications.create table Patient ( mr_number char(11) not null, last_name varchar(15) null, first_name varchar(15) null, birthdate varchar(15) null)create table Physician ( dea_number char(6) not null, last_name varchar(15) null, first_name varchar(15) null, birthdate varchar(15) null, specialty varchar(20) null )create table Admission ( mr_number char(11) not null, dea_number char(6) not null, admit_datetime varchar(15) not null, location varchar(10) null, discharge_datetime varchar(15) null )create table Therapy ( mr_number char(11) not null, med_code char(3) not null, start_datetime datetime not null, end_datetime datetime null, quantity varchar(6) null)/****************************************************************//* The following tables are not part of the original database schema. They were added to the schema later (by the schema mapper) to support the mapping of the database to the FER schema *//****************************************************************/create table MEDICATION_CODES ( med_code varchar(50) not null, %site-specific code ent_type varchar(50) not null) %Corresponding FER entity typeExample contents:

med_code ent_type125"Ceph"104"PCN" 70"Narcotics"

Appendix A The ERA Mapping Language202/** ADDITIONAL TABLES FOR TYPE HIERARCHY AND VOCABULARY MAPPING **/create table FER_TYPE_HIERARCHY ( ent_type varchar(50) not null, %FER entity type desc_ent_type varchar(50) not null) %descendant type in type hierarchyExample contents:

ent_type desc_ent_type"Antibiotics""Ceph""Antibiotics""PCN""Analgesics""Narcotics""Analgesics""OTC"create table ENTITY_TYPE_NAMES ( ent_type varchar(50) not null, ent_type_name varchar(50) not null)Example contents:

ent_type_name"Ceph""Cephalosporin""PCN""Penicillin""OTC""over-the-counter analgesic"A.2.2 The ERA mapping expressionsThe complete mapping between the FER schema in Figure A.1 and the relationalschema in Section A.2.1 appears in this section. The mapping specificationsconform to the context-free grammar defined in Section A.1. Note that eachentity type and each relationship type in the FER schema of Figure A.1 has acorresponding mapping specification. A mapping compiler can process thesespecifications into a form that is integrated with the site-independent semanticfunctions of the TransFER attribute grammar (described in Appendix B).Together, the site-specific mappings and the site-independent mappingsconstitute a complete TransFER attribute grammar./* Built-in entity types; they require no mapping specifications */defBuiltInEntity(name(’Entity’)). % the �root� entity typedefBuiltInEntity(name(’String’)).defBuiltInEntity(name(’Datetime’)).

Appendix A The ERA Mapping Language203/* Demographics */defEntity(name(’Person’), era(union(proj([’Id’,’Type’], rename([’mr_number’ => ’Id’], extend([’Type’ == const(’"PT"’)], rel(’Patient’)))), proj([’Id’,’Type’], rename([’dea_number’ => ’Id’], extend([’Type’ == const(’"MD"’)], rel(’Physician’)))))), id([’Id’,’Type’])).defRelship(name(’Person-Identifier’), era(join([’Id’ = ’IdPart’, ’Type’ = ’TypePart’], vrel(’Identifier-IdParts’), union(proj([’Id’,’Type’], rename([’mr_number’ => ’Id’], extend([’Type’ == const(’"PT"’)], rel(’Patient’)))), proj([’Id’,’Type’], rename([’dea_number’ => ’Id’], extend([’Type’ == const(’"MD"’)], rel(’Physician’)))))), id([’Identifier’]), fids( [fid(’Person’,[’Id’,’Type’]), fid(’String’,[’Identifier’])] )).defEntity(name(’Physician’), era(rename([’dea_number’ => ’Id’], extend([’Type’ == const(’"MD"’)], rel(’Physician’)))), id([’Id’,’Type’])).defEntity(name(’Patient’), era(rename([’mr_number’ => ’Id’], extend([’Type’ == const(’"PT"’)], rel(’Patient’)))), id([’Id’,’Type’])).

Appendix A The ERA Mapping Language204defRelship(name(’MD-Patient’), era(extend([’MD_Type’ == const(’"MD"’), ’PT_Type’ == const(’"PT"’), ], rel(’Admission’))), id([’dea_number’,’MD_Type’,’mr_number’, ’PT_Type’,’admit_datetime’]), fids( [fid(’Physician’,[’dea_number’,’MD_Type’]) fid(’Patient’,[’mr_number’,’PT_Type’]), ] ))../* Medications */defEntity(name(’Medications’), era(rel(’Therapy’)), id( [’mr_number’,’med_code’,’start_datetime’] )).defEntity(name(’Antibiotics’), era(sel( [’anc_ent_type’ = const(’"Antibiotics"’)], join([ ’desc_ent_type’ = ’ent_type’ ], rename([’ent_type’ => ’anc_ent_type’], rel(’FER_TYPE_HIERARCHY’)), join([ ’med_code’ = ’med_code’ ], rel(’MEDICATION_CODES’), rel(’Therapy’))))), id( [’mr_number’,’med_code’,’start_datetime’] )).defEntity(name(’Analgesics’), era(sel( [’anc_ent_type’ = const(’"Analgesics"’)], join([ ’desc_ent_type’ = ’ent_type’ ], rename([’ent_type’ => ’anc_ent_type’], rel(’FER_TYPE_HIERARCHY’)), join([ ’med_code’ = ’med_code’ ], rel(’MEDICATION_CODES’), rel(’Therapy’))))), id( [’mr_number’,’med_code’,’start_datetime’] )).defEntity(name(’PCN’), era(sel( [’anc_ent_type’ = const(’"PCN"’)], join([ ’desc_ent_type’ = ’ent_type’ ], rename([’ent_type’ => ’anc_ent_type’], rel(’FER_TYPE_HIERARCHY’)), join([ ’med_code’ = ’med_code’ ], rel(’MEDICATION_CODES’), rel(’Therapy’))))), id( [’mr_number’,’med_code’,’start_datetime’] )).

Appendix A The ERA Mapping Language205defEntity(name(’Ceph’), era(sel( [’anc_ent_type’ = const(’"Ceph"’)], join([ ’desc_ent_type’ = ’ent_type’ ], rename([’ent_type’ => ’anc_ent_type’], rel(’FER_TYPE_HIERARCHY’)), join([ ’med_code’ = ’med_code’ ], rel(’MEDICATION_CODES’), rel(’Therapy’))))), id( [’mr_number’,’med_code’,’start_datetime’] )).defEntity(name(’OTC’), era(sel( [’anc_ent_type’ = const(’"OTC"’)], join([ ’desc_ent_type’ = ’ent_type’ ], rename([’ent_type’ => ’anc_ent_type’], rel(’FER_TYPE_HIERARCHY’)), join([ ’med_code’ = ’med_code’ ], rel(’MEDICATION_CODES’), rel(’Therapy’))))), id( [’mr_number’,’med_code’,’start_datetime’] )).defEntity(name(’Narcotics’), era(sel( [’anc_ent_type’ = const(’"Narcotics"’)], join([ ’desc_ent_type’ = ’ent_type’ ], rename([’ent_type’ => ’anc_ent_type’], rel(’FER_TYPE_HIERARCHY’)), join([ ’med_code’ = ’med_code’ ], rel(’MEDICATION_CODES’), rel(’Therapy’))))), id( [’mr_number’,’med_code’,’start_datetime’] )).defRelship(name(’Medication-Name’), era(join([ ’ent_type2’ = ’ent_type’ ], rename([’ent_type’ => ’ent_type2’], rel(’ENTITY_TYPE_NAMES’)), join([’desc_ent_type’ = ’leaf_ent_type’], rel(’FER_TYPE_HIERARCHY’), join([ ’med_code’ = ’med_code’ ], rename([’ent_type’ => ’leaf_ent_type’], rel(’MEDICATION_CODES’)), rel(’Therapy’))))), id( [’mr_number’,’med_code’, ’start_datetime’,’ent_type_name’] ),

Appendix A The ERA Mapping Language206 fids( [ fid(’Medications’, [’mr_number’, ’med_code’, ’start_datetime’]), fid(’String’, [’ent_type_name’]) ] )).defRelship(name(’Patient-Medication’), era(extend([’Type’ == const(’"PT"’)], rel(’Therapy’))), id( [’mr_number’,’med_code’,’start_datetime’] ), fids( [ fid(’Patient’, [’mr_number’,’Type’]), fid(’Medications’,[’mr_number’,’med_code’, ’start_datetime’]) ] )).defRelship(name(’Med-Start_Time’), era(rel(’Therapy’)), id( [’mr_number’,’med_code’,’start_datetime’] ), fids( [ fid(’Medications’, [’mr_number’,’med_code’, ’start_datetime’] ), fid(’Datetime’,[’start_datetime’]) ] )).defRelship(name(’Med-Stop_Time’), era(rel(’Therapy’)), id([’mr_number’,’med_code’,’start_datetime’,’end_datetime’]), fids( [ fid(’Medications’, [’mr_number’,’med_code’, ’start_datetime’] ), fid(’Datetime’,[’end_datetime’]) ] ))./* VIRTUAL RELATIONS */defVirtual(name(’Identifier-IdParts’), attrs( [ attrdef([’Identifier’], [fxn(ext(concat_id),[’Id’,’Type’])]), attrdef([’Id’,’Type’], [undefinedFxn([’Identifier-IdParts’], [’Id’,’Type’],[’Identifier’]) ]) ] )).Note: The virtual relation "Identifier-IdParts" applies the (one-directional) function "concat_id," which concatenates the pair of stringvalues "Id" and "Type" into the single string "Identifier." Thefunction is required to generate a single string that uniquelyidentifies each person, as is represented in the FER schema.

Appendix A The ERA Mapping Language207A.3 The Power of the ERA Mapping LanguageThe objective of the TransFER methodology is to allow applications to accessheterogeneous relational databases through a uniform conceptual data model.The ERA mapping language, therefore, is designed to transform a wide variety ofrelational database implementations to a single canonical representation�theFER global schema. The mapping language derives power to accommodatewidely varying relational implementations through (1) its use of extendedrelational algebra operators that can exploit the full capabilities of SQL and (2) itsability to apply arbitrarily complex external functions that execute in the hostenvironment.Several database researchers have characterized the forms of heterogeneity thatmay exist among relational databases containing similar information [Agarwal1991, Deen, et al. 1987, Kim and Jungyun 1991]. These forms of heterogeneitymay be generally classified into structural differences, naming differences,semantic differences, and content differences. In this section, I analyze how theERA mapping language handles each form of heterogeneity. Although theanalysis is informal and based largely on examples, it serves to characterize thecapabilities and the limitations of the ERA mapping language.A.3.1 Structural DifferencesStructural differences entail different decompositions of semantically similarobjects into the tables and fields of a relational schema. The flexibility of therelational model allows database designers to model the same semantic object ina variety of relational representations, depending on local performancerequirements, local data constraints, and local normalization preferences [Batini,et al. 1992]. At least three kinds of structural differences may exist amongrelational databases that represent similar information: alternative tabledecompositions, varying data and meta-data representations, and differingstructured and free-text encodings.A.3.1.1 Alternative table decompositionsThis form of structural heterogeneity has two subtypes: alternative horizontal andvertical table decompositions. Alternative horizontal decompositions entaildifferent distributions of the same fields among one or more tables. Fields may

Appendix A The ERA Mapping Language208be distributed across multiple tables to normalize a database or fields may beaggregated into a single table to improve performance [Batini, et al. 1992]. Forexample, Figure A.2 shows how the fields of the table PATIENT in Database Bmay be distributed into the tables PATIENT and PHYSICIAN in Database A toachieve third normal form. The ERA mapping language easily can convert fromDatabase A to Database B by applying the JOIN operator to the tables PATIENTand PHYSICIAN (joining on the field MD_SSN), and the mapping language canconvert from Database B to Database A by applying the PROJECT operator twiceto the table PATIENT.Figure A.2: Two database schemas illustrating alternative horizontal decompositions.Alternative vertical decompositions entail different distributions of rows amongone or more tables. Rows are often partitioned into subsets and distributedacross multiple tables to improve retrieval performance when most queriesaccess only a subset of all the rows. For example, Figure A.3 shows how thepartitioning of the single table PATIENTS in Database B into the tablesINPATIENTS and OUTPATIENTS in Database A achieves better performancewhen queries need to search only inpatients or outpatients at one time. The ERAmapping language easily can convert from Database A to Database B byapplying the UNION operator to the tables INPATIENTS and OUTPATIENTS, andit can convert from Database B to Database A by applying the SELECT operator tothe table PATIENT (selecting for Type = �INPT� and Type = �OUTPT�).

Appendix A The ERA Mapping Language209Figure A.3: Two database schemas illustrating alternative vertical decompositions.A.3.1.2 Data versus meta-data representationsOne of the advantages of conceptual database schemas, including FER schemas,is that they can model type hierarchies directly. For example, the following FERschema represents that Sodium and Potassium (tests) are subtypes of Lab_Tests:

-A -A

Because the relational data model cannot represent type hierarchies directly, avariety of methods exist for encoding type hierarchies in the tables and fields of arelational database. These methods vary in their respective uses of meta-data(table and field names) and data (field values). For example, databases A, B, and Cin Figure A.4 model the hierarchical relationships among Lab_Tests, Sodium,and Potassium in three distinct ways. Databases A and B use table and fieldnames, respectively, to denote the class of lab test with which a value isassociated, whereas Database C uses field values to denote the class.

Appendix A The ERA Mapping Language210Figure A.4: Three database schemas that model the same type hierarchy.The ERA mapping language can map any of these representations to the singleFER schema. To map Database A to the FER schema, the entity types Sodiumand Potassium are simply mapped to the tables SODIUM_TESTS andPOTASSIUM_TESTS, respectively, and the entity type Lab_Tests is mapped to theUNION of the tables SODIUM_TESTS and POTASSIUM_TESTS. This mappingensures that any ReFER queries that request instances of Sodium, Potassium, orLab_Tests will retrieve the appropriate sets from the relational database. To mapDatabase B to the FER schema, the entity type Sodium is mapped to theprojection of the table LAB_TESTS on MRN, Date, and Na_value, whereas theentity type Potassium is mapped to the PROJECTION of the table LAB_TESTS onMRN, Date, and K_value (Na and K are abbreviations for Sodium andPotassium, respectively); the entity type Lab_Tests is mapped to the UNION ofthese two projections (with the fields Na_value and K_value both renamed totest_value). To map Database C to the FER schema, the entity type Sodium ismapped to the table LAB_TESTS selected on type = �sodium� and projected onMRN, Date, and value, whereas the entity type Potassium is mapped to the tableLAB_TESTS selected on type = �potassium� and projected on MRN, Date, andvalue. Thus, by using the appropriate combination of the UNION, PROJECTION,and SELECTION operators, one can resolve different uses of data and meta-data inthe relational modeling of type hierarchies.

Appendix A The ERA Mapping Language211A.3.1.3 Structured versus free-text encodingsAn entity or a relationship in an FER schema may be modeled in a correspondingrelational database as either a structured atomic value or as a component of acomplex free-text value. For example, the following FER schema specifies that aPerson entity is associated with a street, a city, and a zip code:A relational database may represent the street, city, and zip-code components ofthe address in separate fields. Alternatively, a relational database may aggregatethe components of a person�s address into one text string that occupies a singlefield, as shown in the database schema of Figure A.5. A database may aggregatethe components, for example, because no local applications need to access theaddress components individually.Figure A.5: A database schema illustrating a free-text representation of complex data.To map the relationship types Person-Street, Person-City, and Person-Zip_Codeto the relational field Complete_Address, an operation is required to extract thestreet, city, and zip code components of the complex text string. Because a fieldis the most primitive object in the relational model, no relational operator existsthat divides a field into subparts. However, the ERA mapping language caninvoke a simple parser to process the text string and return the desired addresscomponents. The parser may be implemented as an external function named

Appendix A The ERA Mapping Language212�extract_street,� �extract_city,� or �extract_zip,� which accepts a text string andreturns the value of the desired address component. An ERA mappingexpression invokes the external function by specifying a join between thedatabase table CONTACT_INFORMATION and a virtual table that references theexternal function (see Section 4.1.3.6 for a discussion of virtual tables). Forexample, the mapping expression for the relationship type Person-Street is:Person-Street::=ERA = �Join([Complete_Address = input_address], CONTACT_INFORMATION, ADDRESS-TO-STREET)�Fid = { Person([Soc_Sec_Number]), String([street]) }.The definition of the virtual table ADDRESS-TO-STREET is:ADDRESS-TO-STREET =

Field

Functional definitionstreet: extract_street(input_address)input_address:<no function>.By allowing arbitrary external functions in mapping expressions, the ERAmapping languages significantly extends the power of the relational algebra toresolve the representation of entities and relationships within complex textstrings.Although the address example can be handled by a simple parser, relationaldatabases, in general, may represent clinical information in arbitrarily complexand unstructured forms that are very difficult to process automatically. Forexample, a relational database could store information regarding a patient�s pastmedical problems and surgical procedures as a free-text admission noteconsisting of arbitrary natural-language sentences, phrases, and abbreviations.Although researchers have achieved some success in applying natural-language-processing (NLP) techniques to extract structured data from unstructured clinicaldocuments [Sager, et al. 1994], no automated technique to process natural-language medical documents is widely available yet. It is important to note that,while this limitation constrains the set of relational implementations that the ERAmapping language can accommodate, no competing method for sharingdatabase-intensive applications (including manual query-translation) can reliablyextract clinical data that are represented as unstructured text strings.

Appendix A The ERA Mapping Language213A.3.2 Naming DifferencesNaming differences are characterized by distinct lexical terms denoting the samesemantic object in an FER schema and a relational database. Naming differencesmay be manifested as meta-data differences (that is, as variations in the names ofrelational tables and fields) or as data differences (that is, as variations in thevalues of relational fields).A.3.2.1 Meta-data differencesFigure A.6 shows an FER schema and a relational schema that represent the sameinformation content, specifically a set of physicians and their last names anddates of birth. The names of the tables and fields in the relational schema,however, are completely different than the names of the entity types andrelationship types in the FER schema.Figure A.6: An equivalent FER and relational schema that contain different meta-datadescriptors for the same domain objects.Despite the use of entirely different meta-data descriptors, one can easily applythe ERA mapping language to map between the schemas, because the table andfield names that appear in the mapping expressions for the entity types andrelationship types of an FER schema are inconsequential as long as the namesaccurately identify the appropriate structures of the relational schema. Forexample, the mapping expressions for the entity type Physician and therelationship type Physician-Last_Name are:Physician::= ERA = DOCTORId = [Soc_Sec_Number]

Appendix A The ERA Mapping Language214Physician-Last_Name::= ERA = DOCTOR Id = [Soc_Sec_Number, LName] Fid = { Physician([Soc_Sec_Number]), String([LName]) }If the table or the fields in the relational schema of Figure A.6 were renamed, thenew names simply would be substituted into the appropriate slots in themapping expressions. In this case, the absence of structural, semantic, or contentdifferences between the FER schema and the relational schema make themapping straightforward.A.3.2.2 Data differencesData differences are characterized by disparities between the symbols used todenote instances in an FER schema and the symbols used to denote the sameinstances in the fields of a relational database. For example, the FER schema inFigure A.7 specifies that each patient�s admission to the hospital is associatedwith a hospital ward via the relationship type Admission-Ward.Figure A.7: An FER schema that models admissions to a hospital. Note that certainreciprocal relationship functions have been omitted for clarity.Although not shown in the FER schema, the �standard� terms for hospital wards(that is, the terms assumed by the authors of ReFER queries) are �Medicine,�Surgery,� �Pediatrics,� and �Intensive Care.� The relational database shown inFigure A.8, however, represents the same hospital wards as �Med,� �Surg,�Peds,� and �ICU.�

Appendix A The ERA Mapping Language215Figure A.8: A database schema that models admissions to a hospital.Because of the disparity in ward names, the following ReFER query, whentranslated, will not return the correct data from the relational database unless thenaming differences are resolved:[ last-name-of(pt) | (pt : Patient) AND ward-of(admission-of(pt)) = �Intensive Care Unit� ]If there is a one-to-one correspondence between the terms appearing in therelational database and the standard terms in the FER schema (as in the exampleabove), one may simply add to the relational database a mapping table thatcontains one row for each pair of corresponding terms:

WARD_MAPPING_TA local_ward_nameMedSurgPedsICUstandard_ward_nameMedicine

SurgeryPediatricsIntensive Care UnitThe ERA mapping expression for the relationship type Admission-Ward canresolve the naming differences by specifying a join between the ADMISSIONStable and the mapping table:Admission-Ward::=ERA = Join([ward = local_ward_name],Admissions,Ward_Mapping_Table)Id = [MRN, admit_date, standard_ward_name]Fid = { Admission([MRN, admit_date]), String([standard_ward_name]) }

Appendix A The ERA Mapping Language216The SQL engine will perform the join and resolve the naming conflict at the timethe translated query is executed. Because there is a one-to-one correspondencebetween terms denoting identical concepts, the disparity between the FERschema and the relational schema is simply a naming difference. If thecorrespondence between terms is not one-to-one (one-to-many, for example), asemantic difference exists. Semantic differences are more difficult to resolve, asdiscussed in the following section.A.3.3 Semantic DifferencesSemantic differences occur when the meaning of an entity type or a relationshiptype in an FER schema is similar to but not precisely equivalent to that of acorresponding data structure in a relational database. At least three kinds ofsemantic differences may exist between FER schemas and relational schemas:differences in value sets, differences in level of abstraction, and differences inrelationship cardinality.A.3.3.1 Differences in value setsDifferences in value sets exist when there is not a one-to-one correspondencebetween the terms that may appear in the fields of a relational database and theterms that are designated as instances of an entity type in the FER schema. Thisdisparity occurs because there is not a one-to-one correspondence between theconcepts that the terms denote. For example, an FER schema may specify thatvalues for the entity type Blood_Culture_Growth are represented qualitatively as�no growth,� �moderate growth,� and �significant growth,� whereas a clinicaldatabase contains in the field Blood_Culture_Growth the values 0, 1+, 2+, 3+, or4+. A semantic difference exists between the two value sets because the conceptof moderate bacterial growth cannot be represented by any unique term in thevalue set {0, 1+, 2+, 3+, 4+}. In this case, a reasonable many-to-one mappingexists between the relational field values and the FER entity-type instances:0 fi �no growth�1+ or 2+ fi �moderate growth�3+ or 4+ fi �significant growth�Because each element of the relational value set {0, 1+, 2+, 3+, 4+} maps to aunique element of the FER value set {�no growth,� �moderate growth,�

Appendix A The ERA Mapping Language217�significant growth�}, one can map the relational schema to the FER schema byspecifying a relational JOIN to a simple mapping table, as in the example ofSection A.3.2.2. In this case, the necessary mapping table would be

GROWTH_MAPPING_

E

local_growth_codestandard_growth_code01+2+3+4+no growthmoderate growth moderate growth significant growthsignificant growthIn general, however, the correspondence between the value sets of a relationalschema and an FER schema may be one to many or many to many, rather thanmany to one. In these cases, there are no unique mappings from elements of therelational value set to elements of the FER value set. For example, a one to manycorrespondence would exist if the relational value set were {�no growth,�moderate growth,� �significant growth�} and the FER value set were {0, 1+, 2+,3+, 4+}, that is, the inverse of the values above. This case would necessitatemapping from a single value to a set of values, which the mapping languagedoes not explicitly support: �no growth� fi 0�moderate growth� fi {1+, 2+}�significant growth� fi {3+, 4+}Theoretically, it would be useful to extend the ERA mapping language torepresent one-to-many mappings if the TransFER query-translation mechanismwere sufficiently sophisticated to infer that a ReFER query requesting cultureresults with a value of 1+ or 2+ was semantically equivalent to a relational queryrequesting culture results with a value of �moderate growth.� Such querieswould be rare, however.A many-to-many (or overlapping) correspondence between value sets presentsan even more difficult mapping problem. For example, a many-to-manycorrespondence would exist if the relational value set were {�light or no growth,�moderate or significant growth�} and the FER value set were {�no growth,�light or moderate growth,� �significant growth�}. In this case, one could notaccurately map the terms �light or no growth� and �moderate or significant

Appendix A The ERA Mapping Language218growth� to even a subset of the FER value set because the meanings of the termsin the value sets overlap. For example, none of the following mappings aresemantically accurate: �light or no growth� fi �no growth�light or no growth� fi �light or moderate growth�light or no growth� fi {�no growth,� �light or moderate growth�}One-to-many and many-to-many correspondences between value sets presentdifficult mapping challenges because either no correct mapping exists or there isloss of information when the mapping is performed. Although the ERAmapping language is unable to map certain correspondences between value sets,no competing method for sharing database-intensive applications (includingmanual query translation) can generate such information either.A.3.3.2 Differences in level of abstractionAn FER schema may represent information in more or less detail than therelational database to which the schema is mapped. For example, the FERschema may include an entity type that represents the total number of previouspregnancies of an obstetrics patient, whereas the relational database may list anddescribe each previous pregnancy in detail (containing information about theduration of the pregnancy, method of delivery, etc.). In this case, the FER schemarepresents information regarding previous pregnancies at a higher level ofabstraction than the relational database. To map from the more detailed to theless detailed representation, an ERA operation must abstract the detailed list ofprevious pregnancies in the relational database into a single numerical count ofprevious pregnancies. The AGGREGATE operator of the ERA can perform thisabstraction by invoking the SQL aggregation function �COUNT.� In general, theAGGREGATE operator can invoke any SQL or external aggregation function toabstract multiple rows of a relational table into a single row or value; thiscapability gives the ERA language the power to map from more detailed to lessdetailed representations.Conversely, mapping from less detailed to more detailed representations is oftenimpossible because necessary information may not be available. For example, ifa relational database stores only the total number of previous pregnancies, but

Appendix A The ERA Mapping Language219the FER schema represents detailed information about each previous pregnancy(such as its duration), there is no operator that can generate the detailedinformation from the abstract information. In this case, the mapping fails andany applications that request detailed pregnancy information via the FER schemamust be notified that the information is not available in the database (see thediscussion of missing information in Section A.3.4.3). Although the ERAmapping language is unable to generate more detailed information than isrepresented in a relational database, no competing method for sharing database-intensive applications (including manual query translation) can generate suchinformation either.A.3.3.3 Differences in relationship cardinalityThe nature of relationships between object classes in conceptual databaseschemas may be one to one, one to many, or many to many [Batini, et al. 1992].This characteristics of relationships is termed cardinality. The cardinality of arelationship type represented in an FER schema may differ from the cardinalityof a corresponding association represented in a relational database. The ERAlanguage must resolve this semantic difference so that the meaning of an FERschema is faithfully preserved when it is mapped to a relational schema.For example, an FER schema may specify that each patient is associated withonly one physician (the patient�s primary physician), whereas a relationaldatabase may associate a patient with all of the physicians who are caring for her(whether the physicians are primary caregivers or consulting specialists). In thiscase, the FER schema specifies a many-to-one relationship between patients andphysicians (because many patients may be associated with a physician, but onlyone physician may be associated with each patient), whereas the relationaldatabase allows a many-to-many relationship (because many patients may beassociated with a physician and vice-versa). To preserve the many-to-onesemantics of the FER schema, a mapping operation must designate one of thephysicians associated with each patient as that patient�s primary physician. TheAGGREGATE operator of the ERA mapping language can perform this operationby invoking an external aggregation function that selects one physician from theset of physicians caring for a patient. The aggregation function must applyappropriate selection criteria to identify the primary physician, based on dataavailable in the relational database.

Appendix A The ERA Mapping Language220Conversely, if the FER schema specifies a many-to-many relationship betweenpatients and physicians and the relational database represents a many-to-onerelationship, no transformation is required in the mapping. This is because therelational database always will return one physician for each patient, which is acase subsumed by the many-to-many cardinality of the FER schema (that is,many to many implies many to one or more). The relational representation is,therefore, consistent with the semantics of the FER schema.A.3.4 Content DifferencesContent differences exist when information represented in the FER schema is notdirectly represented in a corresponding relational schema. Information that isnot represented may be implicit, derivable, or simply missing.A.3.4.1 Implicit informationInformation that is obvious and not subject to change at a particular clinical siteis often omitted from that site�s database. The same information, however, maynot be obvious or immutable at every database site, and therefore will appear inthe global FER schema. For example, the global FER schema probably willrepresent the clinical specialties of physicians because most institutions havemultispecialty medical staffs:

String

Physician

Physician-LName

Physician-Specialty

Physician-FNameThe clinical database at a psychiatric hospital, however, may not explicitlyrepresent the specialties of its staff physicians, because the hospital employs onlypsychiatrists. The relational table that represents the physician roster at such afacility may be modeled as follows:

Appendix A The ERA Mapping Language221When local programmers map the Physician-Specialty relationship type in theFER schema to the clinical database at the psychiatric hospital, they can makeexplicit the specialty of all the physicians by applying the EXTEND operator of theERA mapping language:Physician-Specialty::= ERA = Extend([Specialty = "Psychiatry"], PHYSICIANS) Id = [Soc_Sec_Number, Specialty] Fid = { Physician([Soc_Sec_Number]), String([Specialty]) }The result of this operation is an �extended� table that contains the constantvalue �Psychiatry� for the field Specialty in every row. Any ReFER query thatrequests the specialty of a physician at the psychiatric hospital will return thevalue �Psychiatry.� The EXTEND operator may be used similarly to generate thevalue of any implicit attribute that appears in an FER schema.A.3.4.2 Derivable informationInformation that is represented in the FER schema but not directly represented ina corresponding relational database may be derivable from information that isrepresented in the database. For example, the FER schema in Figure A.9represents that each patient is associated with an integer value that denotes thepatient�s age, whereas the relational database in Figure A.9 stores only the dateof birth for each patient:

Appendix A The ERA Mapping Language222Figure A.9: An equivalent FER and relational schema that illustrate a content differencethat can be resolved by deriving the missing data.The ERA mapping expression for the relationship type Patient-Age can derivethe age from the date of birth by invoking an external function that computes thedifference between the date of birth and the current date. The mappingexpression invokes the external function by specifying a JOIN between thePATIENT table and a virtual table, DOB-TO-AGE, that defines the date-to-ageconversion function:Patient-Age::= ERA = �Join([DOB = date-of-birth], PATIENTS, DOB-TO-AGE)� Id = [MRN, age] Fid = { Patient([MRN]), Integer([age]) }DOB-TO-AGE = fieldfunctional definitionage: compute_age(date-of-birth)date-of-birth:<no function>.Given this mapping, any ReFER query that requests the age of a patient willinvoke the function compute_age() at the time the query is executed. In general,mapping expressions may invoke external functions of arbitrary complexity toderive information that is not directly represented in a relational database. Thesefunctions may execute complex computations, perform knowledge-basedinferences, or consult other databases. This capability adds significant power tothe ERA mapping language.

Appendix A The ERA Mapping Language223A.3.4.3 Missing informationDespite the power of the ERA mapping language, there may be informationrepresented in the FER schema that simply cannot be generated from dataimplicitly or explicitly stored in the relational database. For example, a specificclinical facility may choose to omit patients’ HIV statuses from its electronicdatabase for purposes of confidentiality, whereas the FER schema may includeHIV status as an entity type. Currently, mapping expressions specify that aNULL value be returned when missing information is requested by a ReFERquery. However, this convention is inadequate, because the meaning of NULLvalues in databases is ambiguous [Date 1989b]. In the case of HIV status, aNULL value may signify that the status is negative, the status is unknown, or thestatus is known but unavailable (the appropriate meaning in this case). TheTransFER methodology needs an improved mechanism to represent explicitlythat information requested by ReFER queries is missing and why it is missing.Further research in this area is necessary so that application-specific processingcan occur when requested data is unavailable.A.3.5 SummaryThe ERA mapping language has the power to resolve many kinds of structural,semantic, naming, and content differences between FER schemas and relationaldatabases. The addition of operators, such as AGGREGATE and EXTEND, to the�standard� relational algebra allows the ERA mapping language to exploit thefull power of modern SQL query engines to resolve differences. The availabilityof external functions via the virtual-relation mechanism allows the ERA mappinglanguage to apply arbitrary transformation functions to resolve differences thatthe SQL language is unable to handle. Despite the power afforded by thesefeatures, there exist certain types of structural, semantic, naming, and contentdifferences that the ERA mapping language cannot resolve. In the case of mostof these differences, no other method for porting queries across databaseplatforms, including manual query translation, can accommodate them.However, research in natural language processing, medical knowledgerepresentation, and clinical vocabulary standardization is underway that maysoon overcome the obstacles to sharing clinical decision-support applications.Because the architecture of the TransFER methodology is formally specified and

Appendix A The ERA Mapping Language224theoretically sound, TransFER will be able to take advantage of new technologieswhen they become available.

225Appendix BThe ReFER Attribute GrammarThis chapter lists the complete site-independent attribute grammar for theTransFER query-translation methodology. The implementation of the attributegrammar (augmented with the appropriate site-specific mappings) translatesReFER queries to site-specific relational queries encoded in the extendedrelational algebra. As I describe in Sections 4.7 and 4.8, the query translatorsubsequently optimizes the queries and translates them to SQL. Section B.1contains the complete context-free grammar of the ReFER query language andserves as a reference for writing ReFER queries. Section B.2 repeats the context-free grammar rules of Section B.1, and lists the semantic functions thatcorrespond to each grammar rule and that define the ReFER attribute grammar.B.1 The ReFER context-free grammarThe context free grammar is predominantly a syntactic description of validReFER queries. However, several important semantic constraints also are notedwhere relevant.<Query> ::= <Term> % Note: <Term> must have no free variables for <Query> to be a a valid query<Term> ::= [ <Termlist> | <Range> ]<Term> ::= <Factor_Expr>

Appendix B The ReFER Attribute Grammar226<Termlist1> ::= <Term> , <Termlist2><Termlist> ::= <Term><Range> ::= <Decllist> AND <Predlist><Range> ::= <Decllist><Factor_Expr1> ::= <Factor> + <Factor_Expr2><Factor_Expr1> ::= <Factor> - <Factor_Expr2><Factor_Expr1> ::= <Factor> * <Factor_Expr2><Factor_Expr1> ::= <Factor> / <Factor_Expr2><Factor_Expr> ::= <Factor><Factor> ::= <Variable><Factor> ::= <Constant><Factor> ::= <AggFunction> ( <Term> )<Factor> ::= ( <Factor_Expr> )<Factor1> ::= <Function> ( <Factor2> )<Factor1> ::= <Variable> ^^ <Function> ( <Factor2> )<Variable> ::= string % E.g. pt, md, drug1, drug2<Constant> ::= quoted_string % E.g. "Jones"<Constant> ::= integer % E.g. 145<Constant> ::= real % E.g. 5.5<Constant> ::= quoted_datetime % E.g. "93/12/02 0800"<AggFunction> ::= aggregate_function % One of {AVG, MIN, MAX, SUM, CNT}<Function> ::= FER_function % FER_function must exist in FER schema

Appendix B The ReFER Attribute Grammar227<Decllist1> ::= <Decl> , <Decllist2><Decllist> ::= <Decl><Decl> ::= ( <Variable> : <Entity> )<Entity> ::= FER_entity_type % Entity type must exist in the FER schema<Predlist1> ::= <Predicate> AND <Predlist2><Predlist1> ::= <Predicate> OR <Predlist2<Predlist> ::= <Predicate><Predicate> ::= ( <Predlist )<Predicate1> ::= NOT <Predicate2><Predicate> ::= EXISTS [ <Range> ]<Predicate> ::= <Factor_Expr1> Operator <Factor_Expr2><Predicate> ::= <Relationship> ( <Factor1> , <Factor2> )<Predicate> ::= <Variable> ^^ <Relationship> ( <Factor1> , <Factor2> )<Operator> ::= operator_string % One of { =, <>, >, ‡, <, £ }<Relationship> ::= FER_relationship % Relationship must exist in FER schemaB.2 The ReFER attribute grammarEach context-free grammar rule is associated with a set of semantic functions thatdefine the attribute values of certain symbols in the grammar rule. In thesemantic function definitions, each attribute of a symbol follows the symbol andis delimited by a period. For example, the term "<Predicate>.ERA" denotes thevalue of the attribute "ERA" for the symbol "<Predicate>". In certain cases, thegrammar rules in the following attribute grammar do not match exactly thegrammar rules presented in Section 4.6 of the text, because the latter rules were

Appendix B The ReFER Attribute Grammar228simplified for expository purposes. In the semantic functions that define ERAattributes, extended relational algebra operators are boldfaced for clarity.<Query> ::= <Term><Query>.ERA = MProj([<Term>.Id],<Term>.ERA)<Query>.Id = <Term>.Id<Query>.Vid = <Term>.Vid<Query>.Fid = <Term>.Fid<Term> ::= [ <Termlist> | <Range> ]<Termlist>.Symbol_Table = <Range>.Symbol_Table<Term>.ERA = Join([videq(<Termlist>.Vid,<Range>.Vid)], <Term>.ERA, <Range>.ERA)<Term>.Id = <Termlist>.Id<Term>.Vid = vid_diff(vid_union(<Termlist>.Vid, <Range>.Vid), <Range>.Declared),<Term>.Fid = fl<Term> ::= <Factor_Expr><Factor_Expr>.Symbol_Table = <Term>.Symbol_Table<Term>.ERA = <Factor_Expr>.ERA<Term>.Id = <Factor_Expr>.Id<Term>.Vid = <Factor_Expr>.Vid<Term>.Fid = <Factor_Expr>.Fid<Termlist1> ::= <Term> , <Termlist2><Term>.Symbol_Table = <Termlist1>.Symbol_Table<Termlist2>.Symbol_Table = <Termlist1>.Symbol_Table<Termlist1>.ERA = Join([videq(<Term>.Vid,<Termlist2>.Vid)], <Term>.ERA, <Termlist2>.ERA)<Termlist1>.Id = concat(<Term>.Id,<Termlist2>.Id)<Termlist1>.Vid = vid_union(<Term>.Vid,<Termlist2>.Vid)<Termlist1>.Fid = fl

Appendix B The ReFER Attribute Grammar229<Termlist> ::= <Term><Term>.Symbol_Table = <Termlist>.Symbol_Table<Termlist>.ERA = <Term>.ERA<Termlist>.Id = <Term>.Id<Termlist>.Vid = <Term>.Vid<Termlist>.Fid = <Term>.Fid<Range> ::= <Decllist> AND <Predlist><Range>.Symbol_Table = <Decllist>.Symbol_Table<Predlist>.Symbol_Table = <Decllist>.Symbol_Table<Range>.ERA = Join([videq(<Decllist>.Vid,<Predlist>.Vid)], <Decllist>.ERA, <Predlist>.ERA)<Range>.Id = fl<Range>.Vid = vid_union(<Decllist>.Vid,<Predlist>.Vid)<Range>.Fid = fl<Range>.Declared = <Decllist>.Declared<Range> ::= <Decllist><Range>.Symbol_Table = <Decllist>.Symbol_Table<Range>.ERA = <Decllist>.ERA<Range>.Id = <Decllist>.Id<Range>.Vid = <Decllist>.Vid<Range>.Fid = <Decllist>.Fid<Range>.Declared = <Decllist>.Declared<Factor_Expr1> ::= <Factor> + <Factor_Expr2><Factor>.Symbol_Table = <Factor_Expr1>.Symbol_Table<Factor_Expr2>.Symbol_Table = <Factor_Expr1>.Symbol_Table<Factor_Expr1>.ERA = Join([videq(<Factor>.Vid, <Factor_Expr2>.Vid)], <Factor>.ERA, <Factor_Expr2>.ERA)<Factor_Expr1>.Id = <Factor>.Id + <Factor_Expr2>.Id<Factor_Expr1>.Vid = vid_union(<Factor>.Vid, <Factor_Expr2>.Vid)<Factor_Expr1>.Fid = fl

Appendix B The ReFER Attribute Grammar230<Factor_Expr1> ::= <Factor> - <Factor_Expr2><Factor>.Symbol_Table = <Factor_Expr1>.Symbol_Table<Factor_Expr2>.Symbol_Table = <Factor_Expr1>.Symbol_Table<Factor_Expr1>.ERA = Join([videq(<Factor>.Vid, <Factor_Expr2>.Vid)], <Factor>.ERA, <Factor_Expr2>.ERA)<Factor_Expr1>.Id = <Factor>.Id - <Factor_Expr2>.Id<Factor_Expr1>.Vid = vid_union(<Factor>.Vid, <Factor_Expr2>.Vid)<Factor_Expr1>.Fid = fl<Factor_Expr1> ::= <Factor> * <Factor_Expr2><Factor>.Symbol_Table = <Factor_Expr1>.Symbol_Table<Factor_Expr2>.Symbol_Table = <Factor_Expr1>.Symbol_Table<Factor_Expr1>.ERA = Join([videq(<Factor>.Vid, <Factor_Expr2>.Vid)], <Factor>.ERA, <Factor_Expr2>.ERA)<Factor_Expr1>.Id = <Factor>.Id * <Factor_Expr2>.Id<Factor_Expr1>.Vid = vid_union(<Factor>.Vid, <Factor_Expr2>.Vid)<Factor_Expr1>.Fid = fl<Factor_Expr1> ::= <Factor> / <Factor_Expr2><Factor>.Symbol_Table = <Factor_Expr1>.Symbol_Table<Factor_Expr2>.Symbol_Table = <Factor_Expr1>.Symbol_Table<Factor_Expr1>.ERA = Join([videq(<Factor>.Vid, <Factor_Expr2>.Vid)], <Factor>.ERA, <Factor_Expr2>.ERA)<Factor_Expr1>.Id = <Factor>.Id / <Factor_Expr2>.Id<Factor_Expr1>.Vid = vid_union(<Factor>.Vid, <Factor_Expr2>.Vid)<Factor_Expr1>.Fid = fl<Factor_Expr> ::= <Factor><Factor>.Symbol_Table = <Factor_Expr>.Symbol_Table<Factor_Expr>.ERA = <Factor>.ERA<Factor_Expr>.Id = <Factor>.Id<Factor_Expr>.Vid = <Factor>.Vid<Factor_Expr>.Fid = <Factor>.Fid

Appendix B The ReFER Attribute Grammar231<Factor> ::= <Variable><Variable>.Symbol_Table = <Factor>.Symbol_Table<Factor>.ERA = <Variable>.ERA<Factor>.Id = <Variable>.Id<Factor>.Vid = <Variable>.Vid<Factor>.Fid = <Variable>.Fid<Factor> ::= <Constant><Factor>.ERA = constant_relation(<Constant>.Value)<Factor>.Id = "constant_attribute_name"<Factor>.Vid = fl<Factor>.Fid = fl<Factor> ::= <AggFunction> ( <Term> )<Term>.Symbol_Table = <Factor>.Symbol_Table<Factor>.ERA = Agg([<Term>.Id, %function argument <Term>.Vid, %grouping attributes <AggFunction>.Value, %function name NewAttrList], %automatically generated <Term>.ERA)<Factor>.Id = NewAttrList<Factor>.Vid = <Term>.Vid<Entity>.Fid = fl<Factor1> ::= <Function> ( <Factor2> )<Factor2>.Symbol_Table = <Factor1>.Symbol_Table<Factor1>.ERA = Join([idpred(<Factor2>.Id, <Function>.Fid[source], =)],<Factor2>.ERA, <Function>.ERA)<Factor1>.Id = <Function>.Fid[target]<Factor1>.Vid = <Factor2>.Vid<Factor1>.Fid = fl<Factor1> ::= <Variable> ^^ <Function> ( <Factor2> )<Factor2>.Symbol_Table = <Factor1>.Symbol_Table

Appendix B The ReFER Attribute Grammar232<Factor1>.ERA = Join([idpred(<Factor2>.Id, <Function>.Fid[source], =)],<Factor2>.ERA, <Function>.ERA)<Factor1>.Id = <Function>.Fid[target]<Factor1>.Vid = <Factor2>.Vid<Factor1>.Fid = fl<Factor> ::= ( <Factor_Expr> )<Factor_Expr>.Symbol_Table = <Factor>.Symbol_Table<Factor>.ERA = <Factor_Expr>.ERA<Factor>.Id = <Factor_Expr>.Id<Factor>.Vid = <Factor_Expr>.Vid<Factor>.Fid = <Factor_Expr>.Fid<Variable> ::= string<Variable>.ERA = lookup(string, ERA, <Variable>.Symbol_Table)<Variable>.Id = lookup(<string, Id, <Variable>.Symbol_Table)<Variable>.Id = vid(string, lookup(string, Id, <Variable>.Symbol_Table))<Variable>.Fid = lookup(string, Fid, <Variable>.Symbol_Table)<Constant> ::= quoted_string<Constant>.value = quoted_string<Constant> ::= integer<Constant>.value = integer<Constant> ::= real<Constant>.value = real<Constant> ::= quoted_datetime<Constant>.value = quoted_datetime

Appendix B The ReFER Attribute Grammar233<AggFunction> ::= aggregate_function % one of AVG, MIN, MAX, SUM, CNT<AggFunction>.Value = aggregate_function<Function> ::= FER_function<Function>.Relationship = lookup_FER(FER_function, Relationship)<Function>.Source = lookup_FER(FER_function, Source_Entity_Type)<Function>.Target = lookup_FER(FER_function, Target_Entity_Type)<Function>.ERA = lookup_mapping(<Function>.Relationship, ERA)<Function>.Fid[source] = lookup_mapping(<Function>.Relationship, fid[<Function>.Source])<Function>.Fid[target] = lookup_mapping(<Function>.Relationship, fid[<Function>.Target])<Decllist1> ::= <Decl> , <Decllist2><Decllist1>.ERA = Join([videq(<Decl>.Vid,<Decllist2>.Vid)], <Decl>.ERA, <Decllist2>.ERA)<Decllist1>.Id = fl<Decllist1>.Vid = vid_union(<Decl>.Vid, <Decllist2>.Vid)<Decllist1>.Fid = fl<Decllist1>.Symbol_Table = decl_union(<Decl>.Symbol_Table, <Decllist2>.Symbol_Table)<Decllist1>.Declared = decl_union(<Decl>.Declared, <Decllist2>.Declared)<Decllist> ::= <Decl><Decllist>.ERA = <Decl>.ERA<Decllist>.Id = <Decl>.Id<Decllist>.Vid =<Decl>.Vid<Decllist>.Fid = <Decl>.Fid<Decllist>.Symbol_Table = <Decl>.Symbol_Table<Decllist>.Declared = <Decl>.Declared<Decl> ::= ( <Variable> : <Entity> )<Decl>.ERA = <Entity>.ERA

Appendix B The ReFER Attribute Grammar234<Decl>.Id = <Entity>.Id<Decl>.Vid = vid(<Variable>.Value, <Entity>.Id)<Decl>.Fid = <Entity>.Fid<Decl>.Symbol_Table = entry(<Variable>.Value, <Entity>.ERA, <Entity>.Id, vid(<Variable>.Value, <Entity>.Id), <Entity>.Fid)<Decl>.Declared = <Variable>.Value.<Entity> ::= string % Must be one of the entities in the FER schema<Entity>.ERA = lookup_mapping(string, ERA)<Entity>.Id = lookup_mapping(string, Id)<Entity>.Vid = fl<Entity>.Fid = fl<Predlist1> ::= <Predicate> AND <Predlist2><Predicate>.Symbol_Table = <Predlist1>.Symbol_Table<Predlist2>.Symbol_Table = <Predlist1>.Symbol_Table<Predlist1>.ERA = Join([videq(<Predicate>.Vid,<Predlist2>.Vid)], <Predicate>.ERA, <Predlist2>.ERA)<Predlist1>.Id = fl<Predlist1>.Vid = vid_union(<Predicate>.Vid, <Predlist2>.Vid)<Predlist1>.Fid = fl<Predlist1> ::= <Predicate> OR <Predlist2<Predicate>.Symbol_Table = <Predlist1>.Symbol_Table<Predlist2>.Symbol_Table = <Predlist1>.Symbol_Table<Predlist1>.ERA = Union(<Predicate>.ERA, <Predlist2>.ERA)<Predlist1>.Id = fl<Predlist1>.Vid = vid_union(<Predicate>.Vid, <Predlist2>.Vid)<Predlist1>.Fid = fl<Predlist> ::= <Predicate><Predicate>.Symbol_Table = <Predlist>.Symbol_Table

Appendix B The ReFER Attribute Grammar235<Predlist>.ERA = <Predicate>.ERA<Predlist>.Id = <Predicate>.Id<Predlist>.Vid = <Predicate>.Vid<Predlist>.Fid = <Predicate>.Fid<Predicate> ::= ( <Predlist> )<Predlist>.Symbol_Table = <Predicate>.Symbol_Table<Predicate>.ERA = <Predlist>.ERA<Predicate>.Id = <Predlist>.Id<Predicate>.Vid = <Predlist>.Vid<Predicate>.Fid = <Predlist>.Fid<Predicate1> ::= NOT <Predicate2><Predicate2>.Symbol_Table = <Predicate1>.Symbol_Table<Predicate1>.ERA = Diff([],<Predicate2>.ERA) %"raw" diff form<Predicate1>.Id = fl<Predicate1>.Vid = fl %"raw" Vid form; filled in later<Predicate1>.Fid = fl<Predicate> ::= EXISTS [ <Range> ]<Range>.Symbol_Table = <Predicate>.Symbol_Table<Predicate>.ERA = Exists([],<Range>.ERA) %"raw" Exists() form<Predicate>.Id = fl<Predicate>.Vid = vid_diff(<Range>.Vid,<Range>.Declared)<Predicate>.Fid = fl<Predicate> ::= <Factor_Expr1> <Operator> <Factor_Expr2><Factor_Expr1>.Symbol_Table = <Predicate>.Symbol_Table<Factor_Expr2>.Symbol_Table = <Predicate>.Symbol_Table<Predicate>.ERA = Join([idpred(<Factor_Expr1>.Id, <Factor_Expr2>.Id, Operator.Value)], <Factor_Expr1>.ERA, <Factor_Expr2>.ERA)<Predicate>.Id = fl<Predicate>.Vid = vid_union(<Factor_Expr1>.Vid, <Factor_Expr2>.Vid)<Predicate>.Fid = fl

Appendix B The ReFER Attribute Grammar236<Operator> ::= operator_string % One of { =, <>, >, ‡, <, £ }Operator.Value = operator_string<Predicate> ::= <Relationship> ( <Factor1> , <Factor2> )<Factor1>.Symbol_Table = <Predicate>.Symbol_Table<Factor2>.Symbol_Table = <Predicate>.Symbol_Table<Predicate>.ERA = Join([idpred(<Factor1>.Id, <Relationship>.Fid[1], =)], <Factor1>.ERA, Join([idpred(<Factor2>.Id, <Relationship>.Fid[2], =)], <Factor2>.ERA, <Relationship>.ERA))<Predicate>.Id = fl<Predicate>.Vid = vid_union(<Factor1>.Vid, <Factor2>.Vid)<Predicate>.Fid = fl<Predicate> ::= <Variable> ^^ <Relationship> ( <Factor1> , <Factor2> )<Factor1>.Symbol_Table = <Predicate>.Symbol_Table<Factor2>.Symbol_Table = <Predicate>.Symbol_Table<Relationship>.Symbol_Table = <Predicate>.Symbol_Table<Predicate>.ERA = Join([idpred(<Factor1>.Id, <Relationship>.Fid[1], =)], <Factor1>.ERA, Join([idpred(<Factor2>.Id, <Relationship>.Fid[2], =)], <Factor2>.ERA, <Relationship>.ERA))<Predicate>.Id = fl<Predicate>.Vid = vid_union(<Factor1>.Vid, <Factor2>.Vid)<Predicate>.Fid = fl<Relationship> ::= FER_relationship<Relationship>.ERA = lookup(FER_relationship, ERA, <Relationship>.Symbol_Table)<Relationship>.Id = lookup(FER_relationship, Id, <Relationship>.Symbol_Table)<Relationship>.Vid = fl<Relationship>.Fid[1] = lookup_FER(FER_relationship, Fid[1])<Relationship>.Fid[2] = lookup_FER(FER_relationship, Fid[2])

Appendix B The ReFER Attribute Grammar237Certain operators that appear in the semantic functions of the attribute grammarrequire explanation:¥vid_union: computes the union of two sets of vids, as described inSection 4.6.1 of the text.¥vid_diff: computes the difference between two sets of vids, such that onlythe vids in the first set that are not in the second set are returned. Forexample, if vid1 = { (pt, [fname,lname]), (md,[first,last])} and vid2 ={ (pt, [fname,lname])}, then vid_diff(vid1, vid2) = {(md,[first,last])}.¥videq: expands a join condition consisting of a comparison between twovids, so that the attributes in the vids are compared pairwise, as describedin Section 4.6.3 of the text.¥idpred: expands a join condition consisting of a comparison between twosets of identifying attributes, so that the elements of the sets are comparedpairwise, as described in Section 4.6.3 of the text.¥decl_union: merges two symbol tables.¥lookup: indexes into the symbol table (third argument) by a variablename (first argument) and retrieves the requested component (secondargument). For example, lookup(pt, ERA, Symbol_Table_1) returns theERA expression defined for the entity type that was declared as thevariable pt in the symbol table Symbol_Table_1.¥lookup_FER: indexes into the coded representation of the current FERschema and retrieves the requested information. For example,lookup(age-of, Relationship) returns the relationship type thatcorresponds to the relationship function "age-of."¥lookup_mapping: indexes into the ERA mappings defined for the currentsite by an entity-type or relationship-type name and retrieves therequested mapping information. For example, lookup(Person, Id) mightreturn the set of attributes { first_name, last_name } (that is, the keyattributes of the entity type Person).

Appendix B The ReFER Attribute Grammar238In addition to the attributes ERA, Id, Vid, and Fid that I discussed in Sections 4.2and 4.3.2 of the text, the attribute grammar may also assign the followingattributes to ReFER grammar symbols:¥Symbol_Table: A set of declared variables and their associated ERAmappings. The mappings corresponding to variables are assigned basedon the entity types for which the variables are declared. For example, ifthe declaration (pt : Patient) appears in a ReFER query, the symbol tableincludes an entry that binds the variable "pt" to the ERA mapping for theentity type "Patient."¥Declared: The set of variables that were explicitly declared within anexpression. For example, the set of declared variables in the ReFERexpression "[name-of(pt) | (pt: Patient), (md: Physician) ANDTreats(md,pt)]" is { pt, md }.

239Appendix CThe Evaluation Data SetThis appendix contains documents that describe the evaluation experiment.Section C.1 contains the original call for participation that was circulated to solicitvolunteer subjects for the experiment. Section C.2 contains the instructions thatwere provided to the volunteer subjects before they began the database-designtask. Section C.3 contains the complete clinical data set which the database-design teams were asked to model in a relational database schema.C.1 Call for Participation in ExperimentThe following call for participation was circulated via electronic mail to thestudent bodies of the medical information sciences department at StanfordMedical School and the database research group at the Stanford ComputerScience Department. The database-design teams for the experiment werecomposed of the respondents to this message.Greetings,I will be conducting an experiment as part of my thesis evaluation and need a few goodwomen and men. You are qualified to participate if you have clinical experience and/orexperience in relational database design.The experiment will involve several teams of two members--one knowledgeable in themedical domain, the other in database design--developing and implementing relationaldatabase schemas to represent a clinical data set that I will provide. The data set represents

Appendix C The Evaluation Data Set240clinical data for a single patient over a two day period and is of modest scope (roughly 40data elements) and of modest size (roughly 150 recorded values). Hence, the databasedesign task is much smaller than that of a full-blown clinical database, though it isrepresentative of the modeling challenges inherent in the design of a real database. Eachteam will design a database schema independently to represent the clinical data set, andsubsequently I will apply my abstract data model and query language to map across thedifferent databases. Each team will also encode a small set of questions that I will provideinto SQL queries that can execute against its database.I’ve included an abstract describing my work and its objectives at the end of this message,and I would be glad to talk to anyone who has more questions. Your reward forparticipating in the experiment, in addition to my everlasting gratitude and an all-expense-paid trip to Tony and Alba’s pizzeria, will be the opportunity to design your own clinicaldatabase schema with a partner whose expertise in this task complements your own. MISstudents with a clinical background who are considering taking CS245 this winter(Database System Implementation) may be especially interested, as this course includes adatabase project.If you decide to participate, you will specifically be asked to do the following:1. Based on a clinical data set that I provide, design a relational database schema to capturethe information in the data set and to support SQL queries against the data. The data that Iprovide will be in a very general format and you will need to make a number of modelingdecisions in designing the relational schema.2. Implement the schema you have designed in Sybase DBMS and populate the databasewith the clinical data that I have provided.3. Translate a modest number (5-10) of informal questions that I provide into formal SQLqueries that will answer the questions based on your relational database. For example, aquestion may be "what were all of the temperature readings for the patient named ChrisWebber between 12:00 and 5:00 PM." The questions will be relatively simple.Participating in the experiment will require approximately 10-15 hours of your time over a3 month period beginning in November. Most of your help will be needed in January, sothe experiment will not conflict with final exams and the holidays. Please contact me assoon as possible if you are interested in participating. Thank you.

Appendix C The Evaluation Data Set241ABSTRACT:Bridging the Representational Heterogeneity of Clinical DatabasesThe goal of our work is to overcome the heterogeneity of clinical databases so as to providemedical decision-support applications with a uniform interface to patient data. Mostdecision-support applications require patient-specific data because they provide advice inthe context of clinical cases. These applications include alerting systems, such as the HELPsystem and the Regenstrief Medical Record System; diagnostic systems, such as MYCINand QMR; and information-retrieval systems, such as MEDLINE. The emergence andexpansion of on-line clinical databases provides the potential for applications to accesspatient-specific data automatically and thereby to streamline the decision-support processby relieving users of the data-entry burden. The benefits of this mode of interaction havebeen demonstrated in existing systems [Kuperman, 1991, McDonald, 1984]. However,applications that automatically access patient data currently cannot be shared amonghealth-care institutions because the means by which clinical data are represented andretrieved vary widely. For example, the help system’s decision-support software inoperation at the Latter-day Saints Hospital cannot be ported to other provider sites withoutsignificant modifications because the database queries generated by the help system arespecific to the database structure, the query language, and the coding scheme of the helpdatabase. Disparities in the representation and retrieval of data across clinical databasesexist, although the information stored at different sites is conceptually quite similar. Thediverse implementation of databases containing conceptually similar information is termedrepresentational heterogeneity. Representational heterogeneity requires that databasequeries be recoded manually when decision-support applications are ported from oneprovider site to another. The recoding of queries is necessary even for applications that useostensibly portable knowledge-representation languages, such as the Arden Syntax[Hripcsak, 1990], because existing languages provide no standard model of clinical data.Manual recoding of queries not only entails significant effort, but also introduces a sourceof error because the semantics of queries may not be preserved when the queries arereformulated in a different environment.We are developing a methodology, called TransFER, to bridge the representationalheterogeneity of clinical databases and to obviate the need for manual recoding of databasequeries. The general strategy of TransFER is to define a global and uniform referencemodel of clinical information against which applications’ requests for patient data may beformulated. The reference model is abstract, and is independent of any clinical database

Appendix C The Evaluation Data Set242implementation. A formal mapping language allows database administrators to specify thecorrespondence between the clinical database implementation at their sites and the abstractreference model. Currently, only clinical databases implemented using the relationalmodel can be accommodated by the mapping language. A translating compiler at each siteuses the encoded mappings to translate automatically queries specified against the globalmodel to queries that can be executed locally and that are semantically equivalent.We propose to use the ICU data set to evaluate the generality and utility of the TransFERquery translation methodology. Our research hypothesis is that the TransFERmethodology can map the reference model effectively to three independently designedrelational database schemata, all of which represent the same data set, and that theTransFER methodology can translate automatically queries formulated against the singlereference model to queries that can be executed against all three schemata. The experimentwill allow us to evaluate the TransFER methodology in the context of a realistic clinicaldata set and with respect to independently implemented databases.References:Hripcsak, G., Clayton, P. D., Pryor, T. A., Haug, P., Wigertz, O. B.& Van der lei, J. (1990).The Arden Syntax for Medical Logic Modules. In R. Miller (Ed.), Proceedings of theFourteenth Symposium on Computer Applications in Medical Care . Washington, D.C., pp.200-204.Kuperman, G. J., Gardner, R. M.& Pryor, T. A. (1991). HELP: A Dynamic HospitalInformation System. New York: Springer-Verlag.McDonald, C. J. (1984). Reminders to Physicians from an Introspective Computer MedicalRecord. Annals of Internal Medicine, 100: 130-138.C.2 Instructions to Database-design TeamsThe following document contains the instructions that I provided to thevolunteer subjects regarding the database-design task. Three database-designteams participated in the experiment; two of the teams consisted of onecomputer-science department student and one physician, and one of the teamsconsisted of a single physician with considerable experience in relational-database design.

Appendix C The Evaluation Data Set243The Clinical Database Design DerbyI. General instructionsThe task is to represent in a relational database the clinical and demographic information for twoinpatients. The data will be provided to you in a form resembling a patient chart. The objectiveis to generate a relational database schema that can capture the information in the "chart" and topopulate the database with this information. The Sybase DBMS will be used for theimplementation. The products of the design process include:1. A set of SQL data definition language commands that define the relational databaseschema. These command will be specific to Sybase’s "flavor" of SQL.2. Documentation of the codes that are used in the populated database to represent thepatient data (this may be part of the database or may be external to it)3. An implemented and populated Sybase database that can be queried using SQLII. Designing the database¥ You may use any database design technique you wish to define the relational schema (ERdiagrams, object-oriented analysis, etc.).¥ The final relational schema should be represented as a set of commands in the Sybase datadefinition language. The commands are similar to the data definition language (DDL)commands of SQL. If you need to familiarize yourself with the Sybase DDL, Sybasedocumentation is available at the Section on Medical Informatics and elsewhere.¥ You may use any names, codes, etc. you wish to represent the table and field names of theschema, consistent with the constraints of Sybase.¥ Each table must have a primary key defined, consisting of one or more fields of that table.All foreign keys also must be explicitly defined. The Sybase DDL includes constructs to dothis.III. Populating the database¥ After you have finished the database design, the laboratory and flowsheet data will beprovided in electronic form. You may either write a small program to load the data into your

Appendix C The Evaluation Data Set244database, write a program to generate the SQL commands to load the data, or manually writethe SQL commands to load the data (or interactively load the data! -- not recommended).¥ The history and physical, demographics, and medication list are not available in electronicform. However, this set of data is small.¥ You may use any names, codes, etc. you wish to represent the values appearing in thedatabase (except for numerical values, which must appear in their original integer or realform). These codes may be taken from standard terminologies, such as ICD9, CPT4, andSNOMED, or they may be of your own invention. For each name or code whose meaning isnot obvious, you must specify either the standard vocabulary from which the code was takenor a more descriptive textual definition of the code.IV. Rules of the game1. The final populated relational schema must represent all of the data provided (i.e., atleast all of the data � it may represent more data as specified below).2. You may enrich the data set by adding types of objects that are not currentlyrepresented, as well as instances of those types. However, you may not expand the dataset by adding instances of any object types that already are represented. For example,you could add data about each patient’s insurance coverage because this type ofinformation is not currently represented, but you could not add any chemistry labresults to the set of results already in the data. When in doubt, ask yourself "wouldadding these data change the results of any valid query issued against the originaldata set?" If the answer is yes, don’t add them.3. The objective is for the schemas to be designed independently. Therefore, you may notconsult with any members of the other database design groups or with any of thephysicians who will be formulating queries against the databases. The members ofthese groups include:<list of participants omitted>V. The DataThe following documents will be provided to you.1. Patient descriptions (demographic and encounter data)

Appendix C The Evaluation Data Set2452. Physician descriptions (demographic data)3. Lab results (the results of chemistry and hematology lab tests)4. ICU flowsheet data in graphical form (charted physiological parameters captured in the ICU)If you have any questions at all about the data or about the database-design task in general,please contact me.Thanks for your participation!C.3 The Clinical Data SetThe clinical data set consists of demographic, laboratory, medication, and ICU-monitoring data for two patients over the course of approximately 24 hours inthe hospital. The data are subdivided into a demographic and history section, alaboratory-test result section, and a charted flowsheet section. In addition to thepatient data, there are also physician data that describe the patients’ caregivers.The data for Patient #1 were provided by Isaac Kohane and Serdar Uckun as atest-data set to all participants in the 1993 AAAI Artificial Intelligence inMedicine conference.C.3.1 Patient #1: Jessica HepburnName: Jessica Hepburn1229 Industrial AveFremont, CA 94520(415) 320-9934Medical Record #: 238-94-4227Attending: Dr. Bill FoldAdmit Date: 8/16/93 17:00History and Physical8.5 month old asian female (date of birth: 12/28/92) with biliary atresia, S/P (surgicalprocedure) Kasai procedure on 5/22/93, ascending cholangitis with a history ofmultiple liver abscesses and portal hypertension.She was transferred to The Children’s Hospital after a 15 day history of E. Coli sepsis,worsening despite antibiotic therapy. She currently is in liver failure withcoagulopathy. She has required mechanical ventilatory support due to the ARDS thatfollowed the onset of sepsis.Her admission body weight is 5 kg.

Appendix C The Evaluation Data Set246In addition to medications listed in the ICU flowsheet, the patient receives:Oral nystatinAtivan 0.5 mg IV every 6 hoursAmphotericin bladder irrigation every 12 hoursNebulized ventolin PRNMaalox 10cc by nasogastric tube every 6 hours for gastric pH < 5LABS08/16/93 18:13Prothrombin Time 19.9 sec Prothrombin Time - Control 12.0 secPTT 68.6 sec PTT - Control 20 secPlasma Fibrinogen 100 mg/dlRBC 3.78 million/mm3MCV 91.9 flWBC 11.77 /mm3HCT 34.8 %Mean Corpuscular Hemoglobin Conc 33.8 g/dlHemoglobin Conc 11.7 g/dlMean Corpuscular Hemoglobin 31.1 pgPlatelet Count 43 /mm3Blood Glucose 100 mg/dlPlasma CO2 21 mEq/LSerum CL- 97 mEq/LBUN 72 mg/dlSerum K+ 4.2 mEq/LSerum Creatinine 1.1 mEq/LSerum NA+ 136 mEq/LLABS08/16/93 23:16Serum Ionized Ca++ 0.78 mEq/LPaO2 87 mmHgPaCO2 44 mmHgArterial pH 7.28LABS08/17/93 04:30Arterial O2 Saturation 96 %Arterial Bicarb Conc 22 mEq/LArterial pH 7.23PaCO2 53 mmHgPaO2 93 mmHgSerum Ionized Ca++ 0.90 mEq/L

Appendix C The Evaluation Data Set247LABS08/17/93 04:31Prothrombin Time 21.8 sec Prothrombin Time - Control 12.0 secPTT 76.6 sec PTT - Control 20 secPlasma Fibrinogen 89 mg/dlWBC 13.72 /mm3, RBC 3.80 million/mm3MCV 88.9 flMean Corpuscular Hemoglobin Conc 33.4 g/dlHemoglobin Conc 11.3 g/dlMean Corpuscular Hemoglobin 29.7 pgHCT 33.8SGPT 33 U/LSGOT 122 U/LBUN 73 mg/dlBlood Glucose 97 mg/dlPlasma CO2 Content 20 mEq/LPlasma Fibrinogen 89 mg/dlSerum Albumin 3.4 g/dlSerum Ca++ 9.2 mEq/LSerum Cl- 99 mEq/LSerum Creatinine 1.0 mg/dlSerum Inorganic Phosphate 4.9 mg/dlSerum K+ 4.0 mEq/LSerum Mg+ 2.4 mEq/LSerum Na+ 137 mEq/LSerum Total Protein 6.8 g/dlSerum Triglycerdies 150 mg/dlTotal Bilirubin 29.8 mg/dlWhole Blood Ammonia 382 mcg/dlLABS08/17/93 06:11Arterial O2 Saturation 95 %Arterial Bicarb Conc 21 mEq/LArterial pH 7.27PaCO2 45 mmHgPaO2 87 mmHgLABS08/17/93 09:52Arterial O2 Saturation 97 %Arterial Bicarb Conc 20 mEq/LArterial pH 7.31PaCO2 41 mmHgPaO2 95 mmHgSerum Ionized Ca++ 0.82 mEq/L

Appendix C The Evaluation Data Set248LABS08/17/93 12:25Arterial O2 Saturation 94 %Arterial Bicarb Conc 21 mEq/LArterial pH 7.28PaCO2 44 mmHgPaO2 80 mmHgSerum Ionized Ca++ 0.87 mEq/LLABS08/17/93 12:41Platelet Count 108 /mm3The following four pages contain flowsheet data captured during the patient’sstay in the ICU. This data was provided to the database-design teams in exactlythe form shown.

Appendix C The Evaluation Data Set249

Appendix C The Evaluation Data Set250

Appendix C The Evaluation Data Set251 Appendix C The Evaluation Data Set252

Appendix C The Evaluation Data Set253C.3.2 Patient #2: Anna RobikName: Anna Robik415 Treeline St.Los Altos, CA 94316 (415) 434-6733Medical Record #: 145-78-3966Attending: Seth O’Scope, MDAdmit Date: 5/24/93 06:00History and PhysicalMrs. Robik is a 57 year old caucasian woman (date of birth: 2/14/36) admitted on5/24/93 for exacerbation of asthma. At that time, her respiratory rate was 36, pulsewas 131 and blood pressure was 150/100.Past history includes: asthma since age 8, left nasal polyp removal 1985, chronicsinusitis since 1980, chronic renal insufficiency since 1988, and right renal cystremoval in 1993.She had a normal renal ultrasound on 4/10/93.Medications on admission to hospital:Albuterol MDI 4 puffs q 4Theodur 100 mg po BIDAzmacort MDI 4 puffs q 4Pulmoaid nebulizer prn .2 cc Albuterol /.2 cc NSBrokosol prnCholorpheniramine prnAllergies: Aspirin, non-steroidal antiinflammatory medicationsTransfer NoteHer worsening respiratory distress led to a transfer to the ICU on 5/25/93 10:00 whereshe remains.ICU MEDS:D5 NORMAL SALINE @ 100 CC/HOURRanitidine 6 mg/min IV dripSolumedrol 120 mg IV q 6 hoursCefotetan 1 gm IV q 12 hoursAdmission LABS5/24/93 06:00 :Serum NA+ = 131 mEq/L, Serum K+ = 4 mEq/L, Serum CL-=104 mEq/L,Plasma CO2 Content = 28 mEq/L, Serum Creatinine = 1.7 mEq/L,

Appendix C The Evaluation Data Set254Blood Glucose = 131 mg/dlWBC=9.6 /mm3, HCT = 45.8 %, Hemoglobin Conc 15.3 g/dl39% Polymorphonuclear cells, 2% Band Cells, 34% Lymphocyes, 16% Monocytes, 8%EosinophilsABG ON 100% FACE MASK: Arterial pH = 7.26, PaCO2 = 56 mmHg, PaO2 =232 mmHgNotes in ICULABS5/25/93 13:00HCT =39 %, WBC = 28 /mm3, Theophylline level = 1.8 mg/mlABG ON 100% FACE MASK: Arterial pH = 7.39, PaCO2 = 35 mmHg, PaO2 =80 mmHgLABS5/25/93 15:00Serum NA+ = 142 mEq/L, Serum K+ = 4.1 mEq/L, Serum CL-=107 mEq/L,Plasma CO2 Content = 22 mEq/LWBC = 19 /mm3 Platelet Count = 138 /mm3, Theophylline level = 1.8 mg/mlLABS5/26/93 04:00Serum NA+ = 143 mEq/L, Serum K+ = 4.0 mEq/L, Serum CL-=103 mEq/L,Plasma CO2 Content = 23 mEq/L, BUN = 19 mg/dl, Serum Creatinine = 1.3 mEq/L,Blood Glucose = 147 mg/dlWBC = 28.5 /mm3, HCT = 37.8 %Theophylline level = 5.7 mg/mlThe following two pages contain flowsheet data captured during the patient’sstay in the ICU. This data was provided to the database-design teams in exactlythe form shown.

Appendix C The Evaluation Data Set255

Appendix C The Evaluation Data Set256 Appendix C The Evaluation Data Set257C.3.2 Physician dataName: Bill FoldDate of birth: 5/17/43Office: 1212 Groupractice WayPalo Alto, CA 94301(415) 325-5322Home: 34 Elm DriveLos Altos, CA 94233(415) 495-2144DEA#: 478832Specialty: GastroenterologyName: Seth O’ScopeDate of birth: 1/26/50Office: 444 Tallbuilding St.San Mateo, CA 95300(415) 744-9003Home: 12 Waterview LaneFoster City, CA 94522(415) 565-3800DEA#: 597721Specialty: Internal Medicine

Appendix C The Evaluation Data Set258

259Appendix DThe Evaluation DatabasesThis appendix contains the relational databases that each volunteer groupdesigned and implemented based on the clinical data set. The definition of eachdatabase consists of the Sybase data-definition language commands that eachgroup used to create the schema and the set of codes that each group used topopulate the schema.Note that each schema contains a set of table definitions that was generated bythe database-design groups ("Original Database Tables") plus a set of tabledefinitions that was added subsequently to facilitate the mapping of therelational schema to the FER schema ("Mapping Tables"). For example, eachschema contains a table named "DIAGNOSIS_CODES" among the coding tables;this table was added ex post facto to map the terms that each group used torepresent clinical diagnoses to the entity-type names that the FER-schemadesigner used to represent the same diagnoses. For example, a row in theDIAGNOSIS_CODES table might associate the site-specific diagnosis code "D2-51000" to the FER entity type "Asthma." Although tables were added to therelational schemas to facilitate the mapping process, none of the existing tables inthe schemas were modified in any way.D.1 Database 1This database is notable in that (1) all of the allergies that a patient has arerepresented in the single text field "allergy" of the table "wpatient," and (2)the chief complaint and medical history for each patient are represented as free-text narratives in the fields "cc" and "history," respectively, of the table"wadmin." In each of these cases, the text strings stored in the database fields

Appendix D The Evaluation Databases260must be parsed in order to extract the individual allergies, presenting complaints,and past diagnoses.D.1.1 Schema for database 1/**********************************************************//* Original Database Tables *//**********************************************************/create table wpatient(mrno char(11) not null, lname varchar(20) not null, fname varchar(20) not null, dob datetime, sex char(1), race varchar(15), h_addr varchar(50), h_phone char(13), allergy textnull)create table wphysician(dea int not null, lname varchar(20) not null, fname varchar(20) not null, dob datetime, o_addr varchar(50), o_phone char(13), h_addr varchar(50), h_phone char(13), speciality varchar(30))create table wadmin(mrno char(11) not null, date datetime not null, dea int not null, cc text, history textnull, location varchar(10), tdate datetimenull)create table wmed(mrno char(11) not null, date datetime not null, medcd char(2) not null, dose float,

Appendix D The Evaluation Databases261 route varchar(18), frequencyvarchar(20))create table wmedcd(medcd char(2) not null, drug varchar(20), units varchar(20)null)create table wlabcd(code varchar(3) not null, cdesc varchar(35), units varchar(20))/**********************************************************//* Mapping Tables*//**********************************************************//* TABLE FOR ASSOCIATING CLOTTING TESTS WITH THEIR CONTROL TIMES */create table CLOT_TEST_CONTROL (clot_codechar(3)not null,control_codechar(3) not null )/* CODING TABLES */create table DIAGNOSIS_CODES ( dgx_code varchar(50) NOT NULL, ent_type varchar(50) NOT NULL)create table PROCEDURE_CODES ( proc_code varchar(50) NOT NULL, ent_type varchar(50) NOT NULL)create table LAB_TEST_CODES ( test_code varchar(50) NOT NULL, ent_type varchar(50) NOT NULL)create table PHYSIOLOGIC_PARM_CODES ( parm_code varchar(50) NOT NULL, ent_type varchar(50) NOT NULL)create table MEDICATION_CODES ( med_code varchar(50) NOT NULL, ent_type varchar(50) NOT NULL)

Appendix D The Evaluation Databases262/** ADDITIONAL TABLES FOR VOCABULARY MAPPING AND TYPE HIERARCHY **/create table FER_TYPE_HIERARCHY ( ent_type varchar(50) not null, desc_ent_type varchar(50) not null)create table ENTITY_TYPE_NAMES ( ent_type varchar(50) not null, ent_type_name varchar(50) not null)D.1.2 Codes for database 1

Observation-Code

Observation

Units4ventilator alarms suspendedNA7EKG heart ratebpm19mean arterial pressuremm Hg20arterial line systolic BPmm Hg21arterial line diastolic BPmm Hg22arterial line heart ratebpm59arterial O2 saturation%80respiratory ratebreaths/min81tidal volumecc/breath83PIPcm H2O84mean airway pressurecm H2O135SGPTU/L124Arterial O2 Saturation%125Arterial Bicarb ConcmEq/L123Arterial pHNA128SGOTU/L101BUNmg/dl103Blood Glucosemg/dl112HCT%117Hemoglobin Concg/dl118Mean Corpuscular Hemoglobinpg114Mean Corpuscular Hemoglobin Concg/dl108MCVfl102PTT-Controlsec106PTTsec122PaCO2mmHg121PaO2mmHg104Plasma CO2 ContentmEq/L109Plasma Fibrinogenmg/dl115Platelet Count/mm^3116Prothrombin Time-Controlsec100Prothrombin Timesec

Appendix D The Evaluation Databases263107RBCmillion/mm^3132Serum Albuming/dl134Serum Ca++mEq/L105Serum Cl-mEq/L113Serum Creatininemg/dl130Serum Inorganic Phosphatemg/dl120Serum Ionized Ca++mEq/L111Serum K+mEq/L126Serum Mg+mEq/L119Serum Na+mEq/L127Serum Total Proteing/dl131Serum Triglyceridesmg/dl133Total Bilirubinmg/dl110WBC/mm^3129Whole Blood Ammoniamcg/dl140Diff Polymorphonuclear cells%141Diff Band cells%142Diff Lymphocytes%143Diff Monocytes%144Diff Eosinophils%145Theophylline assaymcg/ml200Terbutalinemcg/kg/min201Pavulonmg/hr202Versedmg/hr203Fluid Outcc/hr204Dopaminemg/kg/min205Fluid Incc206Fentanylmcg/hr207TempC208Zantacmg/hr90systolic BPmm Hg91diastolic BPmm Hg

Medication-Code

Medication

Units14nystatin4ativanmg3Amphotericin20ventolin12Maaloxcc19terbutilinemicrogram/kg/min15Pavulonmg/hour21versedmg/hour11fentanylmicrogram/hour10dopaminemg/kg/hr2Albuterol MDIpuffs18Theodurmg

Appendix D The Evaluation Databases2645Azmacortpuffs1Albuterolcc13NScc6Brokosol8Cholorpherinamine9D5NScc/hr16Ranitidinemg/min17Solumedrolmg7CefotetangmD.2 Database 2This database is notable in that (1) there is no explicit representation of admissionand discharge diagnoses, only the interval of each diagnosis (in the table"Diagnosis") and the interval of each admission (in the table "Admission"), and(2) the medications for each patient are normalized across the tables "Therapy"(which contains the identities of the medications taken by each patient) and"Therapy_Types" (which contains the characteristics of all medications,regardless of the patients who are taking them).D.2.1 Schema for database 2/****************************************************************//* Original Database Tables *//****************************************************************/create table Patient ( mr_number char(11) not null, last_name varchar(15) null, first_name varchar(15) null, street_address varchar(30) null, city varchar(15) null, state char(2) null, zip char(5) null, tel_number char(12) null, birthdate datetime null, race varchar(15) null, gender char(1) null )create table Physician ( dea_number char(6) not null, last_name varchar(15) null, first_name varchar(15) null,

Appendix D The Evaluation Databases265 wk_street_address varchar(30) null, wk_city varchar(15) null, wk_state char(2) null, wk_zip char(5) null, wk_tel_number char(12) null, hm_street_address varchar(30) null, hm_city varchar(15) null, hm_state char(2) null, hm_zip char(5) null, hm_tel_number char(12) null, birthdate datetime null, specialty varchar(20) null )create table Admission ( mr_number char(11) not null, dea_number char(6) not null, admit_datetime datetime not null, location varchar(10) null, discharge_datetime datetime null )create table Diagnosis ( mr_number char(11) not null, diagnosis_name varchar(30) not null, start_datetime datetime not null, end_datetime datetime null )create table Therapy ( mr_number char(11) not null, med_code char(3) not null, start_datetime datetime not null, end_datetime datetime null, quantity varchar(6) null, frequency varchar(15) null, condition varchar(15) null )create table Therapy_Types ( med_code char(3) not null, med_name varchar(30) null, route varchar(10) null, units varchar(15) null )create table Allergy ( mr_number char(11) not null, allergy_name varchar(30) not null, start_date datetime null, manifestation varchar(30) null )

Appendix D The Evaluation Databases266create table Observations ( mr_number char(11) not null, obs_datetime datetime not null, obs_code varchar(3) not null, obs_value varchar(10) null )create table Observation_Types ( obs_code char(3) not null, obs_text varchar(40) not null, obs_units varchar(15) null )/****************************************************************//* Mapping Tables *//****************************************************************//* TABLE FOR ASSOCIATING CLOTTING TESTS WITH THEIR CONTROL TIMES */create table CLOT_TEST_CONTROL ( clot_code char(3) not null, control_code char(3) not null )/* CODING TABLES */create table DIAGNOSIS_CODES ( dgx_code varchar(50) not null, ent_type varchar(50) not null)create table PROCEDURE_CODES ( proc_code varchar(50) not null, ent_type varchar(50) not null)create table LAB_TEST_CODES ( test_code varchar(50) not null, ent_type varchar(50) not null)create table PHYSIOLOGIC_PARM_CODES ( parm_code varchar(50) not null, ent_type varchar(50) not null)create table MEDICATION_CODES ( med_code varchar(50) not null, ent_type varchar(50) not null)

Appendix D The Evaluation Databases267/** ADDITIONAL TABLES FOR VOCABULARY MAPPING AND TYPE HIERARCHY **/create table FER_TYPE_HIERARCHY ( ent_type varchar(50) not null, desc_ent_type varchar(50) not null)create table ENTITY_TYPE_NAMES ( ent_type varchar(50) not null, ent_type_name varchar(50) not null)D.2.2 Codes for database 2

Observation-Code

Observation

Units4ventilator alarms suspendedNA6Pulsebpm7EKG heart ratebpm19mean arterial pressuremm Hg20arterial line systolic BPmm Hg21arterial line diastolic BPmm Hg22arterial line heart ratebpm59arterial O2 saturation%80respiratory ratebreaths/min81tidal volumecc/breath83PIPcm H2O84mean airway pressurecm H2O90systolic BPmm Hg91diastolic BPmm Hg100Prothrombin Timesec100Weightkg101BUNmg/dl102PTT-Controlsec103Blood Glucosemg/dl104Plasma CO2 ContentmEq/L105Serum Cl-mEq/L106PTTsec107RBCmillion/mm^3108MCVfl109Plasma Fibrinogenmg/dl110WBC/mm^3111Serum K+mEq/L112HCT%113Serum Creatininemg/dl114Mean Corpuscular Hemoglobin Concg/dl115Platelet Count/mm^3116Prothrombin Time-Controlsec117Hemoglobin Concg/dl

Appendix D The Evaluation Databases268118Mean Corpuscular Hemoglobinpg119Serum Na+mEq/L120Serum Ionized Ca++mEq/L121PaO2mmHg122PaCO2mmHg123Arterial pHNA124Arterial O2 Saturation%125Arterial Bicarb ConcmEq/L126Serum Mg+mEq/L127Serum Total Proteing/dl128SGOTU/L129Whole Blood Ammoniamcg/dl130Serum Inorganic Phosphatemg/dl131Serum Triglyceridesmg/dl132Serum Albuming/dl133Total Bilirubinmg/dl134Serum Ca++mEq/L135SGPTU/L140Diff Polymorphonuclear cells%141Diff Band cells%142Diff Lymphocytes%143Diff Monocytes%144Diff Eosinophils%145Theophylline assaymcg/ml200Terbutalinemcg/kg/min201Pavulonmg/hr202Versedmg/hr203Fluid Outcc/hr204Dopaminemg/kg/min205Fluid Incc206Fentanylmcg/hr207TempC208Zantacmg/hr300Renal ultrasound

Medication-Code

Medication

Route

Units200TerbutalineIVmcg/kg/min201PavulonIVmg/hr202VersedIVmg/hr204DopamineIVmg/kg/min206FentanylIVmcg/hr208RanitidineIVmg/min210NystatinOral211AtivanIVmg212Amphotericin Bladder WashVia Foley213VentolinNebulizer

Appendix D The Evaluation Databases269214MaaloxPer NGcc215Albuterol MDIpopuffs216Theodurpomg217Azmacort MDIpopuffs218Pulmonaid Nebulizerpocc/ .2 cc NS219Brokosolpo220Chlorpheniraminepo221D5 Normal SalineIVcc/hr222SolumedrolIVmg223CefotetanIVgD.3 Database 3This database is notable in that it explicitly represents admission diagnoses,discharge diagnoses, problem lists, and procedures in separate tables; SNOMEDcodes are used to represent instances of each of these categories.D.3.1 Schema for database 3/****************************************************************//* Original Database Tables *//****************************************************************/create table SNOMED_CODES (CODEchar(10)not null,ECLASSchar(2),ENOMENchar(200) )create table patient_demographics (Med_Rec_Nochar(10) not null,lastchar(20),firstchar(20),home_addresschar(20),home_citychar(20),home_statechar(2),home_zipchar(20),racechar(10),sexchar(10),DOBchar(20),home_phonechar(20),work_phonechar(20) null )

Appendix D The Evaluation Databases270create table physician_demographics (DEA_Numchar(10) not null,DOBdatetime,lastchar(20),firstchar(20),Office_addresschar(20),office_citychar(20),office_statechar(2),office_zipchar(20),office_phonechar(20),specialtychar(20),home_addresschar(20),home_citychar(20),home_statechar(2),home_zipchar(20),home_phonechar(20) )create table hospitalizations (Med_Rec_Nochar(10)not null,unitchar(20),AdmitDatedatetime,DischargeDatedatetimenull,AttendingDEAchar(20) )create table AdmitDiagnosis (Med_Rec_Nochar(10)not null,AdmitDatedatetime,Diagnosischar(10) )create table DischargeDiagnosis (Med_Rec_Nochar(10)not null,AdmitDatedatetime,Diagnosischar(10) )create table Procedures (Med_Rec_Nochar(10)not null,ProcedureDatedatetime,procedchar(10) )create table Problems (Med_Rec_Nochar(10)not null,ProblemStartdatetimenull,ProblemEnddatetimenull,Problemchar(10) )

Appendix D The Evaluation Databases271create table observations (Med_Rec_Nochar(10)not null,ObservationDatedatetime,ObservationIDchar(10),ObservationValuechar(10),ObservationUnitschar(10) )create table observation_codes (ObservationIDchar(10)not null,ObservationDescchar(40) )create table Medications (Med_Rec_Nochar(10)not null,MedDatedatetime,MedIDchar(10),MedAmountchar(10),MedUnitschar(10)null,MedRoutechar(10),MedFrequencychar(20) )create table Med_codes (ObservationIDchar(10)not null,ObservationDescchar(20) )/****************************************************************//* Mapping Tables *//****************************************************************//* TABLE FOR ASSOCIATING CLOTTING TESTS WITH THEIR CONTROL TIMES */create table CLOT_TEST_CONTROL ( clot_code char(3) not null, control_code char(3) not null )/* CODING TABLES */create table DIAGNOSIS_CODES ( dgx_code varchar(50) not null, ent_type varchar(50) not null)create table PROCEDURE_CODES ( proc_code varchar(50) not null, ent_type varchar(50) not null)

Appendix D The Evaluation Databases272create table LAB_TEST_CODES ( test_code varchar(50) not null, ent_type varchar(50) not null)create table PHYSIOLOGIC_PARM_CODES ( parm_code varchar(50) not null, ent_type varchar(50) not null)create table MEDICATION_CODES ( med_code varchar(50) not null, ent_type varchar(50) not null)/** ADDITIONAL TABLES FOR VOCABULARY MAPPING AND TYPE HIERARCHY **/create table FER_TYPE_HIERARCHY ( ent_type varchar(50) not null, desc_ent_type varchar(50) not null)create table ENTITY_TYPE_NAMES ( ent_type varchar(50) not null, ent_type_name varchar(50) not null)D.3.2 Codes for database 3

SNOMED-Code

Modifier

DefinitionL-85B3001Asian raceL-85B3002MongoloidT-D0AA001Female, NOST-D0AA002Female individual, NOSL-85B5001European raceL-85B5002CaucasianL-85B5002CaucasoidD5-8110001Hepatic failure, NOSD5-8110002Hepatic insufficiency, NOSD5-8110002Liver function failure, NOSDC-6000001Blood coagulation disorder, NOSDC-6000002Coagulation disorder, NOSDC-6000002Coagulopathy, NOSD2-6010001Adult respiratory distress syndrome, NOSD2-6010002ARDSD2-6010002Congestive atelectasisD2-6010002DaNang lungD2-6010002Post-traumatic pulmonary insufficiencyD2-6010002Pulmonary insufficiency following shockD2-6010002Pulmonary insufficiency following surgeryD2-6010002Pulmonary insufficiency following traumaD2-6010002Shock lung

Appendix D The Evaluation Databases273D2-6010002Traumatic wet lungD2-6010002Vietnam lungD2-5100001Asthma, NOSD2-5100002Allergic bronchitis, NOSD2-5100002Asthmatic bronchitis, NOSD2-5100002Bronchial asthma, NOSD2-6025001Acute respiratory distress, NECD2-6025002Acute respiratory insufficiency, NECP1-KC00101Kasai procedureP1-KC00201Renal Cyst RemovalP1-2131001Simple excision of nasal polypsP1-2131002Nasal polypectomyD2-0115001Chronic sinusitis, NOSD2-0115002Chronic infection of sinus, NOSD7-1101301Chronic renal failure syndrome, NOSD4-5701001Congenital biliary atresiaP2-2220001Mechanical ventilation, NOSDE-1900001Bacterial septicemia, NOSD5-8643001Ascending cholangitis

Observation-Code

Observation4ventilator alarms suspended7EKG heart rate19mean arterial pressure20arterial line systolic BP21arterial line diastolic BP22arterial line heart rate59arterial O2 saturation80respiratory rate81tidal volume83PIP84mean airway pressure90systolic BP91diastolic BP100Prothrombin Time101BUN102PTT-Control103Blood Glucose104Plasma CO2 Content105Serum Cl-106PTT107RBC108MCV109Plasma Fibrinogen110WBC111Serum K+

Appendix D The Evaluation Databases274112HCT113Serum Creatinine114Mean Corpuscular Hemoglobin Conc115Platelet Count116Prothrombin Time-Control117Hemoglobin Conc118Mean Corpuscular Hemoglobin119Serum Na+120Serum Ionized Ca++121PaO2122PaCO2123Arterial pH124Arterial O2 Saturation125Arterial Bicarb Conc126Serum Mg+127Serum Total Protein128SGOT129Whole Blood Ammonia130Serum Inorganic Phosphate131Serum Triglycerides132Serum Albumin133Total Bilirubin134Serum Ca++135SGPT140Diff Polymorphonuclear cells141Diff Band cells142Diff Lymphocytes143Diff Monocytes144Diff Eosinophils145Theophylline assay208Zantac200Terbutaline201Pavulon202Versed203Fluid Out204Dopamine205Fluid In206Fentanyl207Temp

Medication-Code

Medication1Albuterol2Albuterol MDI3Amphotericin4ativan5Azmacort

Appendix D The Evaluation Databases2756Brokosol7Cefotetan8Cholorpherinamine9D5NS10dopamine11fentanyl12Maalox13NS14nystatin15Pavulon16Ranitidine17Solumedrol18Theodur19terbutiline20ventolin21versed

Appendix D The Evaluation Databases276

277Appendix EThe Evaluation FER SchemaThis appendix contains the FER schema that I designed to model the clinical dataset used in the evaluation experiment. The constructs of the FER data model arerepresented graphically as follows:¥ Entity types appear in large bold-faced text; for example ,Patient.¥ Relationship types appear in small plain text; For example,Patient-Physician.¥ Relationship functions appear in small italicized text; for examplepatient-of.¥ IS-A connections appear as arrows with no annotations; for example,the arrow from the Patient to the Person entity type on the next page.The FER schema represents one formal conceptualization of the real-worldsemantics represented by the clinical data set in Appendix C. Many otherequally valid schemas for the same data set exist, none of which is necessarily"correct." It is important, however, for any conceptualization to have a clear andunambiguous description of its meaning. For example, in my conceptualizationof the clinical data set, each instance of the entity type Lab_Tests represents aspecific lab result for a particular patient at a particular time. It does notrepresent the kinds of lab tests that may exist, such as glucose, serum sodium, andPTT. The implication of this modeling decision is that Blood_Glucose,Serum_Na, and PTT are not instances of the entity type Lab_Tests, but rather sub-types. Any application developer who uses the FER schema and any databaseprogrammer who maps the FER schema must be aware of and agree upon thismeaning; otherwise, the meanings of certain queries may change when thequeries are translated by the TransFER methodology.

Appendix E The Evaluation Schema278

Appendix E The Evaluation Schema279

Appendix E The Evaluation Schema280

Appendix E The Evaluation Schema281

Appendix E The Evaluation Schema282

Appendix E The Evaluation Schema283

Appendix E The Evaluation Schema284

285Appendix FThe Evaluation QueriesThis appendix contains the 23 queries that the medical domain expertsformulated based on the clinical data set in Appendix C. The domain expertsformulated each query in natural language. I subsequently encoded each queryin the ReFER query language, based on the FER schema that I designed for theclinical data set and I used the queries for the evaluation experiment. The ReFERencoding of each query follows the natural-language formulation of the query inthe following sections. In certain cases, I changed the meaning of the queryslightly when I encoded it in the ReFER language. These changes usuallyentailed adding date information to the query that the domain expert hadomitted. In several cases, however, the query was modified in order to becompatible with the FER schema. All changes to the original natural-languagequeries are noted and explained below. The original query appears in bold-facedtext and my ReFER translation of the query appears in fixed-width text.1.What are the admission diagnoses for Jessica Hepburn?[ name-of-disease(admit-dgx-of(ie)) | (ie:Inpatient_Encounter), (pt:Patient) AND Patient-Encounter(pt,ie) AND last-name-of(pt) = "Hepburn" AND first-name-of(pt) = "Jessica" ]

Appendix F The Evaluation Queries2862.What are the medications for Jessica Hepburn at the time she was admittedto the ICU?[ name-of-med(m) | (m:Medications),(pt:Patient), (ie:Inpatient_Encounter) AND Patient-Encounter(pt,ie) AND ew^^ward-of-encounter(ie) = "ICU" AND pm^^Patient-Medication(pt,m) AND start-time-of-med(pm) <= start-time-of-ward(ew) AND (stop-time-of-med(pm) >= start-time-of-ward(ew) OR stop-time-of-med(pm) IS NULL ) AND last-name-of(pt) = "Robik" ]3.What are the allergies for Anna Robik?[ drug-allergy-of(pt) | (pt:Patient) AND last-name-of(pt) = "Robik" AND first-name-of(pt) = "Anna" ]4.At 8:00 a.m. , what is the lowest pO2 for Jessica Hepburn?MIN ([value-of-lab(po2) | (po2:PaO2),(pt:Patient) AND Patient-Lab_Tests(pt,po2) AND datetime-of-lab(po2) <= "1993/08/17 0800" AND last-name-of(pt) = "Hepburn" AND first-name-of(pt) = "Jessica" ] )Note: I modified this query to retrieve the lowest p02 at 8:00 a.m. on the day ofAugust 17, 1993.

Appendix F The Evaluation Queries2875.What is the mean O2 saturation for Jessica Hepburn over the last 24 hoursat 8:00 a.m. ?AVG( [ value-of-lab(ao2s) | (ao2s:Arterial_O2_Sat),(pt:Patient) AND Patient-Lab_Tests(pt,ao2s) AND datetime-of-lab(ao2s) <= "1993/08/17 0800"AND datetime-of-lab(ao2s) >= "1993/08/16 0800"AND last-name-of(pt) = "Hepburn" AND first-name-of(pt) = "Jessica" ] )Note: I modified this query to retrieve the mean 02 saturation over the previous24 hours at 8:00 a.m. on the day of August 17, 1993.6.What are the last laboratory results at 8:00 a.m. for Anna Robik?Note: I could not encode this query because the ReFER query language currentlyhas no ordering operator to determine the latest date in a sequence of dates.7.What is the total input for the past 24 hours at 9:00 a.m. and the totaloutput for the past 24 hours for Anna Robik?[ SUM([value-of-parm(i) | (i:Volume_In) AND Patient-Parameter(pt,i) AND time-of-parm(i) <= "1993/04/11 0900" AND time-of-parm(i) >= "1993/04/10 0900" ]), SUM([value-of-parm(o) | (o:Volume_Out) AND Patient-Parameter(pt,o) AND time-of-parm(o) <= "1993/04/11 0900" AND time-of-parm(o) >= "1993/04/10 0900" ]) | (pt: Patient) AND last-name-of(pt) = "Robik" AND first-name-of(pt) = "Anna" ]Note: This query was modified to compute the total input and output for thepast 24 hours at 9:00 a.m. on April 11, 1993.

Appendix F The Evaluation Queries2888.What were the last three arterial blood gas readings for Jessica Hepburn at1:00 p.m. 8/17/93?Note: I could not encode this query because the ReFER query language has noordering operator to compute the last N instances in a set.9.What is Jessica Hepburn’s average respiratory rate over the past 12 hours at8:00 a.m.?AVG ( [ value-of-parm(rr) | (rr:Respiratory_Rate),(pt:Patient) AND Patient-Parameter(pt,rr) AND time-of-parm(rr) <= "1993/08/17 0800" AND time-of-parm(rr) >= "1993/08/16 2000" AND last-name-of(pt) = "Hepburn" AND first-name-of(pt) = "Jessica" ] )Note: I modified this query to retrieve the average respiratory rate over theprevious 12 hours at 8:00 a.m. on the day of August 17, 1993.10.What is Anna Robik’s maximum temperature over the past 12 hours at 8:00a.m. on May 11, 1994?MAX ([ value-of-parm(t) | (t:Temperature),(pt:Patient) AND Patient-Parameter(pt,t) AND last-name-of(pt) = "Robik" AND first-name-of(pt) = "Anna" AND time-of-parm(t) <= "1993/04/11 0800" AND time-of-parm(t) >= "1993/04/10 2000" ] )

Appendix F The Evaluation Queries28911.Who is the attending physician for Anna Robik?[ first-name-of(md), last-name-of(md) | (md:Physician),(pt:Patient) AND Patient-Physician(pt,md) AND last-name-of(pt) = "Robik" AND first-name-of(pt) = "Anna" ]Note: Because the FER schema does not distinguish between attending andconsulting physicians, I modified this query to retrieve all of the physicians forAnna Robik.12.What is Jessica Hepburn’s home phone number?[ home-phone-of(pt) | (pt:Patient) AND last-name-of(pt) = "Hepburn" AND first-name-of(pt) = "Jessica" ]13.Names of all patients who have pH < 7.25 in last week[ last-name-of(pt), first-name-of(pt) | (ph:Arterial_Ph), (pt:Patient) AND Patient-Lab_Tests(pt,ph) AND datetime-of-lab(ph) >= "1993/08/11 0000" AND value-of-lab(ph) < 7.25 ]Note: I modified this query to retrieve the patients with a pH < 7.25 in theprevious week as of August 17, 1993.

Appendix F The Evaluation Queries29014.Names of all patients currently on Lasix and their lowest value ofpotassium within the last 24 hours[ last-name-of(pt), MIN( [ value-of-lab(k) | (k:Serum_K) AND Patient-Lab_Tests(pt,k) AND datetime-of-lab(k) >= "1993/05/25 0000" ] ) | (pt:Patient),(med:Ranitidine) AND pm^^Patient-Medication(pt,med) AND stop-time-of-med(pm) IS NULL ]Note: Because none of the patients in the data set were on Lasix, I modified thisquery to find the lowest potassium value for the patients on ranitidine over thelast 24 hours as of midnight on May 25, 1993.15.Names of any patients whose current weight is 4 kg less than theiradmission weight or 4 kg greater than their admission weightNote: I could not encode this query because no weight data was represented inthe FER schema.16.Name of any patient who currently has HCT < 30 and is not on ranitidineor cimetidine or an antacid[ last-name-of(pt) | (pt:Patient) AND EXISTS [ (hct:HCT) AND Patient-Lab_Tests(pt,hct) AND value-of-lab(hct) < 30 AND datetime-of-lab(hct) >= "5/25/1993 00:00" ]AND NOT EXISTS [ (med:Antacids) AND pm^^Patient-Medication(pt,med) AND stop-time-of-med(pm) IS NULL ] ]

Appendix F The Evaluation Queries29117.Names of all patients on a medication to which they are allergicNote: I could not encode this query because the ReFER query language has noconstructs for relating data and metadata (i.e. there is no operator to test if amedication prescribed to a patient is an instance of a class of medications to whichthe patient is allergic).18.Provide the ABG and respiratory rate within 6 hours before and 1 hourafter for any patient receiving mechanical ventilationNote: I could not encode this query because the ReFER query language has noconstructs for performing arithmetic operations on temporal data.19.How many hours after Anna is placed on cefotetan does her temperaturefall below 101?Note: I could not encode this query because the ReFER query language has noconstructs for performing arithmetic operations on temporal data.20.Name of any patient taking Digoxin and Quinidine on the same dayNote: I could not encode this query because the semantics of "on the same day"are ambiguous: within the same 24 hour period or on the same calendar day?

Appendix F The Evaluation Queries29221.Name of any patient on Theodur with a theophylline level < 10 or > 20[ last-name-of(pt), first-name-of(pt) | (pt:Patient), (med:Theodur) AND pm^^Patient-Medication(pt,med) AND stop-time-of-med(pm) IS NULL AND EXISTS [ (ta:Theophylline_Assay) AND Patient-Lab_Tests(pt,ta) AND datetime-of-lab(ta) > start-time-of-med(pm) AND ( value-of-lab(ta) < 10 OR value-of-lab(ta) > 20 ) ] ]22.Name of any patient currently on a ventilator who has gone > 4 hourswithout an ABG reading[ last-name-of(pt) | (pt:Patient) AND NOT EXISTS [ (abg:Blood_Gases) AND Patient-Lab_Tests(pt,abg) AND datetime-of-lab(abg) >= "1993/05/25 1600" ] ]Note: I modified this query to retrieve the last name of any patient who has gone> 4 hours without an ABG reading as of 4:00 p.m. on May 25, 1993, because nodata regarding ventilator status was available in the FER schema..

Appendix F The Evaluation Queries29323.Name of any patient with temperature > 101 who has not had a WBCwithin the last 8 hours[ last-name-of(pt) | (pt:Patient),(t:Temperature) AND Patient-Parameter(pt,t) AND value-of-parm(t) >= 38.3 AND time-of-parm(t) >= "8/16/1993 20:00" AND NOT EXISTS [ (lab:WBC) AND Patient-Lab_Tests(pt,lab) AND datetime-of-lab(lab) >"8/16/1993 16:00"] ]Note: I modified this query to retrieve the last name of any patient with atemperature > 38.3 centigrade who has not had a white blood count within thelast 8 hours as of 4:00 p.m. on August 16, 1993.

Appendix F The Evaluation Queries294

295BibliographyJ. B. Adams. 1986. Three surveillance and query languages for medical care. MDComputing, 3(1):11-19.S. S. Agarwal. 1991. Flexible Relations: A Model for Data in Distributed, Autonomous,and Heterogeneous Databases. Ph.D. Thesis, Stanford University.American Society for Testing and Materials. 1992. E 1460 Standard Specificationfor Defining And Sharing Modular Health Knowledge Bases (Arden Syntaxfor Medical Logic Modules). In ASTM Standards, v 14.01:539-87; ASTM.J. Annevelink, C. Y. Young and T. P.C. 1992. Heterogeneous database integrationin a physician workstation. In P. D. Clayton, ed., Proceedings of the FifteenthSymposium on Computer Applications in Medical Care:368-72. New York;McGraw-Hill.ANSI-X3H4. 1993. IRDS Conceptual Schema. Technical Report 93-196, AmericanNational Standards Institute, Inc.Y. Arens, C. Y. Chee, C. Hsu and C. A. Knoblock. 1993. Retrieving andintegrating data from multiple information sources. International Journal ofIntelligent and Cooperative Information Systems, 2(2):127-58.M. P. Atkinson and O. P. Buneman. 1987. Types and persistence in databaseprogramming languages. ACM Computing Surveys, 19(2):105.G. O. Barnett, R. D. Zeilstorff, J. Piggins and J. McLatchey. 1982. COSTAR: acomprehensive information system for ambulatory care. In B. I. Blum, ed.,Proceedings of the Sixth Symposium on Computer Applications in Medical Care:8-18; IEEE Press.

Bibliography296T. Barsalou and D. Gangopadhyay. 1992. M(DM): An Open Framework forInteroperation of Multimodel Multidatabase Systems. In F. Golshani, ed.,Proceedings of the Eighth International Conference on Data Engineering:218-27;IEEE Computer Society Press.C. Batini, S. Ceri and S. B. Navathe. 1992. Conceptual Database Design, an EntityRelationship Approach. Redwood City, CA: The Benjamin/CummingsPublishing Comapany, Inc.R. L. Blum. 1981. Displaying clinical data from a time-oriented database.Computers in Biomedical Research, 11:197.K. E. H. Bradshaw. 1988. A Computerized Laboratory Alerting System to Warn of Life-Threatening Events. Ph.D. Thesis, University of Utah.J. D. Bronzino, R. A. Morelli and J. W. Goethe. 1989. OVERSEER: A prototypeexpert system for monitoring drug treatment in the psychiatric clinic. IEEETransactions on Biomedical Engineering, 36(5):533-40.B. G. Buchanan and E. H. Shortliffe. 1984. Rule-Based Expert Systems: The MYCINExperiments of the Stanford Heuristic Programming Project. Reading, MA:Addison-Wesley.D. Burleson. 1995. APIs: linchpin of database connectivity. Database Programmingand Design, 8(6):39-45.S. Ceri and G. Pelagatti. 1984. Heterogeneous Distributed Database Systems. In S.Ceri and G. Pelagatti, eds., Distributed Databases, Principles andSystems:Chapter 15. New York; McGraw-Hill.P. P.-S. Chen. 1976. The Entity-Relationship Model�Toward a unified view ofdata. ACM Transactions on Database Systems, 1(1):9-36.E. F. Codd. 1970. A relational model for large shared data banks. Communicationsof the ACM, 13(6):377-87.E. F. Codd. 1972. Relational completeness of data base sublanguages. In R.Rustin, ed., Data Base Systems. New York; Prentice-Hall.

Bibliography297E. F. Codd. 1979. Extending the database relational model to capture moremeaning. ACM Transactions on Database Systems, 4(4):393-434.C. J. Date. 1989a. A Guide to the SQL Standard. Reading, MA: Addison-Wesley.C. J. Date. 1989b. Three-valued logic and the real world. InfoDB, Winter.S. M. Deen, R. R. Amin and M. C. Taylor. 1987. Data integration in distributeddatabases. IEEE Transactions on Software Engineering, 13(7):860-64.R. S. Dick and E. B. Steen, eds. 1991. The Computer-Based Patient Record.Washington, D.C.: National Academy Press.R. Elmasri, J. Weeldreyer and A. Hevner. 1985. The category concept: Anextension to the entity-relationship model. Data and Knowledge Engineering,1:75-116.R. Elmasri and G. Wiederhold. 1979. Data model integration using the structuralmodel. In Proceedings of ACM-SIGMOD International Conference on Managementof Data.G. Engels, M. Gogolla, U. Hohenstein, K. Hyulsmann, P. Lohr-Richter, G. Saakeand H.-D. Ehrich. 1992. Conceptual modelling of database applications usingan extended ER model. In Proceedings of the Ninth International Conference onData and Knowledge Engineering:157-204; Elsevier Science Publishing, Inc.D. A. Evans, J. J. Cimino, W. R. Hersh, S. M. Huff and D. S. Bell. 1994. Toward amedical-concept representation language. Journal of the American MedicalInformatics Association, 1:207-17.R. S. Evans, S. L. Pestotnik and J. P. Burke. 1990. Reducing the duration ofprophylactic antibiotic use through computer monitoring of surgical patients.DICP Annals of Parmacotherapy, 24:351-54.M. J. Field and K. N. Lohr, eds. 1992. Guidelines for Clinical Practice. Washington,D.C.

Bibliography298R. Fikes, M. Cutkosky, T. Gruber and J. van Baalen. 1991. Knowledge SharingTechnology Project Overview. Technical Report KSL 91-71, Knowledge SystemsLaboratory, Stanford University.G. Gardarin and P. Valduriez. 1989. Relational Databases and Knowledge Bases.Reading, MA: Addison-Wesley.M. Genesereth and R. Fikes. 1991. Knowledge Interchange Format Version 2.2Reference Manual. Technical Report Logic-90-4, Computer ScienceDepartment, Stanford University.T. R. Gruber. 1993. Toward Principles for the Design of Ontologies Used for KnowledgeSharing. Technical Report KSL 93-4, Knowledge Systems Laboratory, StanfordUniversity.J. J. Harrington, T. J. R. Benson and A. L. Spector. 1990. IEEE P1157 Medical DataInterchange (MEDIX) Committee Overview and Status Report. In R. Miller,ed., Proceedings of the Fourteenth Symposium on Computer Applications in MedicalCare; IEEE Computer Society Press.HL-7 Working Group. 1989. Health Level 7 Interface Standard Version 2.1.Philadelphia.U. Hohenstein. 1990. Automatic tranformation of an entity-relationship querylanguage into SQL. In F. H. Lochovsky, ed., Proceedings of the EighthInternational Conference on Entity-Relationship Approach:303-21. Toronto,Canada; Elsevier Science Publishing, Inc.U. Hohenstein and G. Engels. 1990. Formal semantics of an entity-relationship-based query language. In H. Kangassalo, ed., Proceedings of the NinthInternational Conference on the Entity-Relationship Approach:177-94. Lausanne,Switzerland; Elsevier Science Publishing, Inc.U. Hohenstein and M. Gogolla. 1989. A calculus for an extended entity-relationship model incorporating arbitrary data operations and aggregatefunctions. In C. Batini, ed., Proceedings of the Seventh International Conference onEntity-Relationship Approach:129-48. Rome, Italy; Elsevier Science Publishing,Inc.

Bibliography299G. Hripcsak. 1994. Desperately seeking data: Knowledge base-database links. InC. Safran, ed., Proceedings of the Seventeenth Symposium on ComputerApplications in Medical Care:639-43; McGraw-Hill.G. Hripcsak, P. D. Clayton, T. A. Pryor, P. Haug, O. B. Wigertz and J. Van der lei.1990. The Arden Syntax for Medical Logic Modules. In R. Miller, ed.,Proceedings of the Fourteenth Symposium on Computer Applications in MedicalCare:200-204; IEEE Computer Society Press.G. Hripcsak, P. Ludemann, T. A. Pryor, O. B. Wigertz and P. D. Clayton. 1994.Rationale for the Arden Syntax. Computers and Biomedical Research, 27:291-324.R. Hull and R. King. 1987. Semantic Database Modeling: Survey, Applications,and Research Issues. ACM Computing Surveys, 19(3).J. T. Kelly and J. E. Swartwout. 1990. Development of practice parameters byphysician organizations. Quality Review Bulletin, February:54-57.W. Kim and S. Jungyun. 1991. Classifying schematic and data heterogeneity inmultidatabase systems. IEEE Computer, December.A. Klug. 1982. Equivalence of relational algebra and relational calculus querylanguages having aggregate functions. Journal of the Association for ComputingMachinery, 29(3):699-717.D. E. Knuth. 1968. The semantics of context-free languages. Mathematical SystemsTheory, 2:127-45.G. J. Kuperman, R. M. Gardner and T. A. Pryor. 1991. HELP: A Dynamic HospitalInformation System. New York: Springer-Verlag.B. J. MacLennan. 1987. Principle of Programming Languages. Fort Worth: HarcourtBrace Jovanovich College Publishers.D. Maier. 1983. The Theory of Relational Databases. Rockville, MD: ComputerScience Press.

Bibliography300V. M. Markowitz and A. Shoshani. 1993. Object Queries over RelationalDatabases: Language, Implementation, and Applications. In Proceedings of theNinth International Conference on Data Engineering.K. A. Marrs, S. A. Steib, C. A. Abrams and M. G. Kahn. 1994. UnifyingHeterogeneous Distributed Clinical Data in a Relational Database. In C.Safran, ed., Proceedings of the Sumposium on Computer Applications in MedicalCare:655-648. New York; McGraw-Hill.C. J. McDonald. 1984. Reminders to physicians from an introspective computermedical record. Annals of Internal Medicine, 100:130-38.C. J. McDonald, D. K. Martin and J. M. Overhage. 1991. Standards for theelectronic transfer of clinical data: Progress and promises. Topics in HealthRecord Management, 11(4):1-16.S. McLinden, G. D�Ascenzo Carlos and C. E. Oleson. 1990. The evolution of astandard for patient record communication: a case study. In R. Miller, ed.,Proceedings of the Fourteenth Symposium on Computer Applications in MedicalCare:239-43; IEEE Computer Society Press.R. A. Miller and F. E. Masarie. 1990. Quick Medical Reference (QMR): Amicrocomputer-based diagnostic decision support system for general internalmedicine. In R. Miller, ed., Proceedings of the Fourteenth Symposium on ComputerApplications in Medical Care:986-88; IEEE Computer Society Press.M. Musen. 1992. Dimensions of knowledge sharing and reuse. Computers andBiomedical Research, 25:435-67.J. Mylopoulos, P. A. Bernstein and H. K. T. Wong. 1980. A language facility fordesigning database-intensive applications. ACM Transactions on DatabaseSystems, 5(2):185-207.D. V. Ostler, J. J. Harrington and G. Hannemyr. 1990. A common reference modelfor healthcare data exchange - P1157 MEDIX system architecture. In R. Miller,ed., Proceedings of the Fourteenth Symposium on Computer Applications in MedicalCare:235-38; IEEE Computer Society Press.

Bibliography301J. Peckham and F. Maryanski. 1988. Semantic Data Models. ACM ComputingSurveys, 20(3):153-89.A. Pirotte. 1978. High-level data base query languages. In H. Gallaire and J.Minker, eds., Logic and Data Bases:409-33; Plenum Press.T. A. Pryor and G. Hripcsak. 1994. Sharing MLMs: An experiment betweenColumbia-Presbyterian and LDS Hospital. In C. Safran, ed., Proceedings of theSeventeenth Symposium on Computer Applications in Medical Care:399-403;McGraw-Hill.A. L. Rector, W. A. Nowlan and A. J. Glowinski. 1993. Goals for conceptrepresentation in the GALEN project. In Proceedings of the SeventeenthSymposium on Computer Applications in Medical Care:414-418.W. Rishel. 1989. Pragmatic Considerations in the design of the HL7 protocol. InL. C. Kingsland, ed., Proceedings of the Thirteenth Symposium on ComputerApplications in Medical Care:687-90; IEEE Computer Society Press.N. Sager, M. Lyma, C. Bucknall, N. Nhan and L. J. Tick. 1994. Natural languageprocessing and the representation of clinical data. Journal of the AmericanMedical Informatics Association, 1(2):142-60.J. E. Sammet. 1969. Programming Languages: History and Fundamentals. EnglewoodCliffs, N.J.: Prentice-Hall.A. P. Sheth and J. A. Larson. 1990. Federated database systems for managingdistributed, heterogeneous, and autonomous databases. ACM ComputingSurveys, 22(3):183-236.D. Shipman. 1981. The functional data model and the data language DAPLEX.ACM Transactions on Database Systems, 6(1):140-73.E. H. Shortliffe. 1981. ONCONCIN: An aid for the outpatient management ofcancer patients. In Proceedings of the Society for Computer Medicine and theSociety for Advanced Medical Systems:57-58. Washinton, D.C.

Bibliography302J. M. Smith, P. A. Bernstein, N. G. Dayal, T. Landers, K. W. T. Lin and E. Wong.1986. Multibase--integrating heterogeneous distributed database systems. InA. Gupta, ed., Integration of Information Systems: Bridging HeterogeneousDatabases:163-75. New York; IEEE Press.J. Sowa. 1984. Conceptual Structures: Information Processing in Mind and Machine.Reading, MA: Addison-Wesley.W. W. Stead and W. E. Hammond. 1988. Computer-based medical records: Thecenterpeice of TMR. MD Computing, 5(5):48-62.M. C. Toepp and N. Kuznets, eds. 1993. Directory of Practice Parameters: AmericanMedical Association.J. D. Ullman. 1988. Principles of Database and Knowledge-base Systems. Volume 1.Rockville, MD: Computer Science Press.J. D. Ullman. 1989. Principles of Database and Knowledge-base Systems. Volume 2.Rockville, MD: Computer Science Press.J. van der Lei and M. A. Musen. 1991. A model for critiquing based on automatedmedical records. Computers and Biomedical Research, 24:344-78.M. VanAmringe and T. E. Shannon. 1992. Awareness, assimilation, and adoption:The challenges of effective dissemination and the first AHCPR-sponsoredGuidelines. Quality Review Bulletin, 18(12):397-404.G. Wiederhold. 1983. Database Design. New York: McGraw-Hill.G. Wiederhold. 1992. Mediators in the Architecture of Future InformationSystems. IEEE Computer, March:38-49.K. Wilkinson, P. Lyngbaek and W. Hasan. 1989. The Iris Architecture andImplementation. IEEE Transactions on Knowledge and Data Engineering,December.J. Yen, H. L. Juang and R. MacGregor. 1991. Using polymorphism to improveexpert system maintainability. IEEE Expert, 6(1):48-55.

A FORMAL MODEL FOR BRIDGINGHETEROGENEOUS RELATIONAL DATABASESIN CLINICAL MEDICINEA DISSERTATIONSUBMITTED TO THE PROGRAM IN MEDICAL INFORMATION SCIENCESAND THE COMMITTEE ON GRADUATE STUDIESOF STANFORD UNIVERSITYIN PARTIAL FULFILLMENT OF THE REQUIREMENTSFOR THE DEGREE OF DOCTOR OF PHILOSOPHYByWalter SujanskyJanuary 1996