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.