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.