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

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

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

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

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

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

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

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

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

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

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

ExternalFunctions

ReFER Query

DatabaseProgram

Relational AlgebraExpression

Site-specificMapping Expressions

GlobalFER Schema

OptimizedRelational AlgebraExpression

Optimizer

MappingCompiler

RuntimeEngine

RelationalDatabase

QueryResults

TransFERAttribute Grammar

Relational Algebrato SQLTranslator

SQL Query

Function Call

Site-independentSemantic Functions

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

Chapter 5 The Implementation and Evaluation of TransFER180

ParameterValue

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

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

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

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

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

ParameterManualtranslationTransFERtranslation(no optimization)TransFERtranslation(partial optimization)

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

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

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

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