Probabilistic Diagnosis Using a Reformulation ofthe INTERNIST-1/QMR Knowledge BaseII. Evaluation of Diagnostic PerformanceBlackford Middleton, M.P.H., M.D., M.S.Michael Shwe, M.S.David Heckerman, Ph.D.Max Henrion, Ph.D. Eric Horvitz, Ph.D. Harold Lehmann, M.D.Gregory Cooper, M.D., Ph.D.*Section on Medical Informatics, MSOB X215,Stanford University, Stanford, CA 94305-5479*Section of Medical Informatics, B50A Lothrop Hall, 190 Lothrop StreetUniversity of Pittsburgh, Pittsburgh, PA 15261

Middleton B, Shwe M, Heckerman D,et al.2Abstract: We have developed a probabilistic reformulation of the Quick MedicalReference (QMR) system. In Part I of this two-part series, we described a two-level,multiply connected belief-network representation of the QMR knowledge base and asimulation algorithm to perform probabilistic inference on the reformulated knowledgebase. In Part II of this series, we report on an evaluation of the probabilistic QMR, inwhich we compare the performance of QMR to that of our probabilistic system on casesabstracted from continuing medical education materials from Scientific American Medicine.In addition, we analyze empirically several components of the probabilistic model andsimulation algorithm.Keywords: Expert Systems, Computer-Aided Diagnosis, Probabilistic Inference, BeliefNetworks

Middleton B, Shwe M, Heckerman D,et al.31. IntroductionQuick Medical Reference (QMR¤) is a microcomputer-based decision-support tool fordiagnosis in internal medicine. We are developing a decision-theoretic version of QMR,which we call QMR-DT.1 In Part I of this series, we discussed the reasons for developinga decision-theoretic QMR, the belief-network representation that we have used in the QMR-DT knowledge base (KB), and the algorithms that we implemented for inference on theQMR-DT KB. We have focused our research to date on the probabilistic component of theQMR-DT system.Following the convention used in Part I, we refer to the QMR-DT KB and theassumptions that it includes as the QMR-DT model. These assumptions, which weexamined in Part I, are marginal independence of diseases, conditional independence offindings given any hypothesis of diseases, causal independence of the influence of multiplediseases on a single finding, and binary-valued findings and diseases. Thus, wedistinguish the QMR-DT model from the algorithms that we use for probabilistic inferenceon the QMR-DT model.Briefly, to review our algorithms, we aim to compute the posterior marginalprobability P(di+| F) for all diseases di given a set of findings F, where di+ is the event thatdisease di is present. Note that P(di+| F) does not assume that only di is present, but ratherallows for multiple diseases to be present in the patient. Calculation of P(di+ | F) using theQMR-DT two-level belief network is an NP-hard problem, however [1].We implemented an algorithm that uses Bayes’ rule under the added assumptionthat diseases are mutually exclusive. We call this algorithm tabular Bayes’ rule (TB), to

¤ QMR is a registered trademark of the University of Pittsburgh.1 We are currently using the INTERNIST-1 KB (circa 1986), rather than the more recent QMR KB. Thesetwo KBs are quite similar, to the extent that the methods in this paper can be applied to the latter KB aswell. For simplicity, where the distinction between the INTERNIST-1 KB and QMR KB isinconsequential, we will refer to the INTERNIST-1 KB as the QMR KB.

Middleton B, Shwe M, Heckerman D,et al.4reflect the fact that it is Bayes’ rule under this assumption and the assumption that findingsare conditionally independent given any disease. We also implemented a heuristicalgorithm, called iterative tabular Bayes’ algorithm (ITB), which applies TB several timesto a set of findings. We call the set of diseases concluded by ITB as likely diseasecandidates for a particular set of findings the heuristic-importance set.We implemented a stochastic simulation algorithm to approximate the posteriormarginal probabilities of diseases P(di+| F), where we do not make the assumption that atmost one disease can be present in a patient. We will henceforth use the notation P^(di+ | F)to denote the estimates of the posterior marginal probabilities of disease that the simulationalgorithm produces. This stochastic simulation algorithm, which we call S, uses the outputof ITB as a heuristic to improve the convergence properties of the simulation in computingP^(di+ | F). That is, we focus the attention of the simulation initially on the diseasesrecommended by ITB. In addition, algorithm S uses a technique called self—importancesampling to refine this focus as the simulation progresses. We refer the reader to Part I,Section 3, for a detailed discussion of the inference algorithms that we implemented.In this paper, we report an evaluation of the diagnostic performance of QMR-DT onone set of test cases. We focus first on relatively simple test cases to determine if the modeland algorithms produce acceptable results. Specifically, in Section 2, we describe how weselected and constructed the diagnostic test cases and how we compared various inferencealgorithms. In Section 3, we report the results of the evaluation of diagnostic performanceand sensitivity analysis of the QMR-DT model and algorithms. In Section 4, we provide adiscussion of the experiments that we performed. A description of the notation used in thispaper appears in the Appendix.2. Experimental Design

Middleton B, Shwe M, Heckerman D,et al.5To investigate the relative diagnostic accuracy of QMR and QMR-DT, we compared theperformance of QMR with that of S on a set of test cases. In the remainder of Section 2, wedescribe the test cases used in the experiment, techniques used to compare the performanceof QMR and S, and sensitivity analyses testing various components of the model and thesimulation algorithm.2.1 Test CasesTo evaluate QMR and S, we used cases abstracted from the Scientific American Medicine(SAM) Continuing Medical Education service [2]. The SAM cases provide physicians witha means of reviewing current clinical practice and of keeping abreast of new developmentsin internal medicine. Cases are created following specific guidelines by an expert in thesubspecialty area containing the diagnosis in the case. The cases typically contain diagnosesconsisting of a single disease, or occasionally two or three diseases. After an expert createsa case, it is reviewed by the SAM editorial staff for accuracy and for consistency with otherSAM cases.Subscribers to the SAM Continuing Medical Education service use cases in thefollowing manner. In either computer-based or paper format, an introduction to a clinicalscenario is presented. The reader is then given a variety of choices to obtain additionalinformation. New information is not revealed unless the reader selects an item on thecomputer display or on paper by using a special marker. Depending on the items selected,the user follows one of several paths in a branching logic to make a diagnosis and tochoose therapy. For didactic purposes, each information item has a number associated withit that represents an ad hoc rating of the clinical usefulness of the information for diagnosticor management purposes in the case. These ratings are made initially by the case author,and are reviewed by the editors of SAM. A score to assess performance in the case is

Middleton B, Shwe M, Heckerman D,et al.6created by summing the positive and negative weights associated with each informationitem selected.In abstracting the SAM cases, we selected only those findings that had a positivescore�that is, those findings whose presence or absence was relevant to diagnosis ormanagement in the case. We also limited the abstracted findings to those that typicallywould be available after initial evaluation and workup in a physician’s office, emergencyroom, or outpatient clinic. We attempted to simulate the diagnostic dilemma faced by adoctor in the early stages of the clinical course of disease. Thus, we did not includeinformation that would be available only after an extended diagnostic workup. Typically,this set of information comprises a fraction of the available information in a SAM case.Much of the information in the SAM cases pertains to evolving patient management, a largepart of the SAM educational exercise. The information pertaining to patient management,however, is not required by a clinician or diagnostic system to make the diagnoses that welisted in the reference diagnoses for a SAM case.For the purpose of this study, we define the reference diagnosis of a SAM case tobe those diseases specified by SAM as the patient�s diagnosis, such that the findings foreach of the diseases in the diagnosis were present on initial evaluation of the patient.Additional diagnoses may be specified by SAM as occurring in a case sometime later in theclinical course. For instance, if other findings appeared after the initial evaluation, leadingto an additional diagnosis, we did not include the additional diagnosis in the referencediagnosis for the case.The SAM case findings were first translated into the vocabulary of QMR foranalysis of QMR and then into INTERNIST-1 terms, if possible, for analysis of QMR-DT.Recall the distinction between the two knowledge bases: INTERNIST-1 was used to createQMR-DT. QMR was used to evaluate the performance of QMR-DT. Because QMR is thesuccessor of INTERNIST-1, it contains a more contemporaneous vocabulary fordescribing findings, and additional findings. Although the abstraction process was

Middleton B, Shwe M, Heckerman D,et al.7generally straightforward, we encountered three types of difficulties: (1) mapping anegative (absent or normal) finding to INTERNIST-1 and QMR terms when the findingoccurs only as a positive finding in the INTERNIST-1 KB and QMR KB; (2) mappingbroad, categorical findings; and (3) mapping findings for which there does exist a QMRlabel, but does not exist a sufficiently congruent INTERNIST-1 label. We discuss eachdifficulty in turn.Most INTERNIST-1 and QMR findings do not contain specific categories to denotea finding as normal. For instance, to denote an abnormal level of serum cholesterol, wemay choose from either of the two binary findings: CHOLESTEROL BLOOD INCREASED orCHOLESTEROL BLOOD DECREASED. But to specify that the cholesterol value is normal, wemust specify that both of the abnormal cholesterol findings are negative [3]. Next,consider findings corresponding to continuous variables for which there exist three or moreINTERNIST-1/QMR descriptors. For example, to specify an abnormal serum glutamicoxaloacetic transaminase (SGOT) level, we may choose from any of the three findings:SGOT 40 TO 119, SGOT 120 TO 400, or SGOT GTR THAN 400. To specify a normal SGOTvalue, we record SGOT 40 TO 119 as a negative finding; that is, we indicate as negative theleast abnormal choice of the finding of interest to represent a normal finding. Thisprocedure is acceptable when, in the normal course of a disease process, all levels ofabnormality may be expected; thus, if any one abnormal level is present, the disease shouldbe considered as a possible diagnosis. Problems may arise, however, when not all valuesmay be expected in the course of the disease, or when an extreme abnormal finding isrequired to cause a disease to be considered or rejected. For example, consider a diseaseprofile containing the finding SGOT GTR THAN 400 but not SGOT 120 TO 400, or SGOT GTRTHAN 400. Diseases of this type may not be penalized as diagnostic possibilities becausewe enter only the least abnormal finding as negative or absent. When a negative finding fjis entered, the posterior probability of a disease di is diminished only if fj is in the profileof di . We expect this problem to be small, because most disease profiles in the

Middleton B, Shwe M, Heckerman D,et al.8INTERNIST-1 KB have all categories of multivalued findings entered on relevant diseaseprofiles [4]. For example, the disease profile of HEPATITIS ACUTE VIRAL includes the threefindings SGOT 40 TO 119, SGOT 120 TO 400, or SGOT GTR THAN 400 which togetherencompass the entire range of abnormal SGOT values.SAM cases often report negative categorical findings that represent broad conceptsin the history and physical examination. However, there is no convenient way in QMR orINTERNIST-1 to represent, for example, a negative review of systems. When specificfindings from a review of systems were relevant to a SAM case, the findings were typicallyoffered in the case as information items that could be selected by the reader. If the case gaveonly a negative review of systems without subsequently detailing findings relevant to thecase, we did not use this information. Also, we did not infer negative findings unless theyappeared as specific information items in the case.Next, consider the QMR finding BRAIN CT SELLA TURCICA ENLARGED. Thisfinding is an example of simple lack of congruence between a QMR finding and findings inINTERNIST-1, since it appears in the QMR finding hierarchy but is absent from theINTERNIST-1 hierarchy. The INTERNIST-1 KB contains the finding SKULL XRAYSELLA ENLARGED, which we used as a surrogate for the finding BRAIN CT SELLATURCICA ENLARGED.A more complicated example of lack of congruence between QMR andINTERNIST-1 findings is a finding about the absence of heart murmur. QMR representsthe presence of heart murmur with a specific finding, HEART MURMUR PRESENT. Thisterm allows us to indicate the absence of heart murmur by recording this finding as negativein QMR. By contrast, INTERNIST-1 does not have the high-level representation HEARTMURMUR PRESENT. It is possible to indicate that all different types of heart murmur arenegative but to do so we would have to enter more than 40 different types of heart murmursas negative. Thus, to represent the absence of heart murmur using INTERNIST-1terminology, we record HEART MURMUR SYSTOLIC EJECTION LEFT STERNAL BORDER as

Middleton B, Shwe M, Heckerman D,et al.9a negative finding. In this and other similar situations we attempted to select a commonINTERNIST-1 finding that was associated with many of the same diseases associated withthe QMR finding. Some important diseases, however, that do not contain the surrogatefinding in their disease profiles will not be affected by the presence or absence of thesurrogate finding. In those cases where there did not exist an INTERNIST-1 finding thatwas identical to the QMR finding, we ran QMR with the best possible mapping of casefindings into QMR terminology, and ran the QMR-DT algorithms using the closestmapping into INTERNIST-1 terms. In this evaluation of diagnostic performance we analyzed only test cases containinga single disease in the reference diagnosis. We sought to determine if the QMR-DT modeland simulation algorithm gave adequate results on relatively straightforward cases. In asubsequent study we plan to evaluate the performance of QMR-DT on more complex,multiple-disease cases. The static nature of our test cases makes the usual hypothetico-deductive approach to diagnosis impossible. A physician or a computer—based diagnosticaid cannot iteratively hypothesize and refine a differential diagnosis with new evidencewhen all of the case evidence is given at once. QMR is intended to be used in a �mixed—initiative� manner between system and physician user [5]. Unlike INTERNIST-1, whichhas a partitioning algorithm that allows the system to focus iteratively on different problemareas [6], QMR applies a scoring scheme once, and then provides other options to the userfor solving difficult cases [7]. Because we could not a priori define an experimentalprotocol to take advantage of these options in a controlled fashion, we were unable toemploy a mixed—initiative approach in our evaluation of QMR performance. Thus, QMRperformance may not reach its optimal level of accuracy in our evaluation. We believe,nevertheless, that similar limitations apply to the QMR-DT test algorithms and that thecomparison is useful.Of the total of 62 SAM cases that were made available to us, we rejected 15because the reference diagnosis was not contained in the QMR KB, and six others because

Middleton B, Shwe M, Heckerman D,et al.10the primary diagnosis did not appear in the INTERNIST-1 KB. Of the remaining 41 SAMcases, 38 contained single-disease diagnoses. We rejected three SAM cases with multipledisease diagnoses because of the difficulty of properly analyzing these cases with a mixed—initiative or hypothetico-deductive approach. We used 15 of the 38 remaining cases to testthe various inference algorithms while we were developing them. We reserved 23 of the38 cases for our evaluation study. None of the cases in the set of 23 was presented to anyof the algorithms before the final evaluation. Information on the diagnoses and findings ofthe 23 SAM cases appears in Table 1.We did not randomly sample from the set of 38 cases to create the set of evaluationcases. Rather, we used for development and testing the first 15 applicable SAM cases thatwe received from Scientific American Medicine, and we used for evaluation the cases thatwe received after we began testing.2.2 Comparison of Rank OrderingWe are interested primarily in evaluating the diagnostic accuracy of QMR and QMR-DT.By diagnostic accuracy, we mean how high an algorithm ranks the reference diagnoses ona differential diagnosis. According to this definition, an algorithm would be perfectlyaccurate if it ranked the reference diagnosis highest in all cases. We limit our comparison inthis study to ranks because QMR does not produce a probabilistic differential. The versionof QMR we used produces two different types of diagnostic opinion: (1) a set of"potentially interesting diagnostic hypotheses," which consists of a rank-ordered list ofdiseases and QMR scores; and (2) one or more "unifying hypotheses," each of whichconsists of a primary diagnosis with various possible antecedent and consequent diseases.In this paper, we limit our analysis of QMR’s performance to the rank-ordered list ofdiseases.

Middleton B, Shwe M, Heckerman D,et al.11To compare diagnostic algorithms, we used a two-sided Wilcoxon signed-rank test[8] in pairwise comparisons of rank ordering of diseases. Specifically we used theWilcoxon test to compare the rank orderings of algorithm S with those of QMR and ITB.For each pairwise comparison, the null hypothesis is that the rank orderings of thealgorithms are the same.2.3 Sensitivity AnalysesWe distinguish a sensitivity analysis on the QMR-DT model from a sensitivity analysis onthe simulation algorithm. We refer to a sensitivity analysis on the model as one in which wevary either the connectivity or probabilities of the belief network that we call the QMR-DTmodel, to produce a second model, QMR-DT�. Thus, given a set of findings F, we wouldnot expect the posterior distribution implied by the QMR-DT� model to be equal to theposterior distribution implied by the QMR-DT model. By contrast, in a sensitivity analysisof the simulation algorithm, we hold the QMR-DT model constant and change one of thecomponents of the algorithm. Accordingly, with the admissible simulation algorithms weshall apply we expect that, in the limit, the estimates P^(di+ | F), for each disease di, willconverge to the values P (di+˚| F) implied by the QMR-DT model. However, after a finiteamount of simulation, P^(di+ | F) may deviate significantly from P(di+˚| F).2.3.1 Analysis of the QMR-DT ModelIn our sensitivity analysis of the QMR-DT model, we present the effect of each of thefollowing assumptions on the differential output of the S algorithm: uniform leakprobabilities, uniform prior probabilities of disease, and mutually exclusive diseases. Wediscuss each of these analyses in turn.

Middleton B, Shwe M, Heckerman D,et al.12 Recall from Part I, Section 2.2.3 that the leak probability represents the probabilitythat a finding is caused either spontaneously (e.g., a false positive) or by a disease notmodeled in the QMR KB. We performed the analysis of uniform leak probabilities toinvestigate the influence on performance provided by the leak probabilities that we derived.We shall use the term S/UL to refer to S running on the model QMR-DT� whereP(f+˚|˚only Lf ) = 10-5, and Lf is the leak event. The lowest prior probability of diseasesin the QMR KB is approximately 2 · 10-5. We used the value of 1 · 10-5 because the leakprobabilities generally should be lower than the prior probability of diseases that aremodeled in the QMR KB to avoid over representation of the leak event.We perform the analysis of uniform disease prior probabilities to investigatewhether the prior probabilities in the QMR-DT model derived from the National Center forHealth Statistics hospital discharge data enhanced the performance of the system. Toexamine the diagnostic behavior of the QMR-DT model under the added assumption ofuniform prior probabilities of diseases, we apply the S algorithm using uniform priorprobabilities of diseases to estimate P(di+ | F). We shall use the term S/UD to refer to Srunning on a model QMR-DT�, where each disease is assigned a prior probability ofP(di+)=10-3. There are many other values that we could have used as the uniform priorprobability of disease. However, this value would not change the rank order in the valuesof P(di+˚|˚F). Note that the leak probabilities for S/UD also were calculated usinguniform prior probabilities on diseases. In addition, we examined the performance of the QMR-DT model under theassumption of mutually exclusive diseases. Under this assumption, we can use TB tocompute P(only di+ |F, m), where m is the assumption of mutually exclusive diseases. Weperformed this analysis as a point of comparison to investigate the influence provided bymodeling the possibility that a patient may have more than one disease. Recall the equationfor computing P(only di+ |F, m):

Middleton B, Shwe M, Heckerman D,et al.13P(only di+ | F, m) =

P(F | only di+) P(only di+)P(F | only dk+) P(only dk+)�k = 1n (4)Note that Equation 4 includes a term for the prior probability of a single disease, P(onlydk+). Since the NCHS data that we are using allows us to compute only prior probabilitiesof the form P(dk+), which allow other diseases to be present in a patient, we use P(dk+) asa proxy for P(only dk+).To test statistically the sensitivity analyses, we compare, using the Wilcoxonsigned-rank test, the rank assigned to the reference diagnosis in a case by S/UL, S/UD, andTB to that assigned by S. We test the null hypothesis that the rank orderings (of thereference diagnosis) produced by two algorithms are identical.2.3.2 Analysis of the Algorithm SIn a sensitivity analysis of algorithm S, we compare the probabilistic output of twomodified versions of S to the probabilistic output of S itself. Thus, we use the posteriordistribution of S as our reference distribution. Recall from Part I, Section 3.3 that S usesboth heuristic priming from ITB and self-importance sampling. We refer to the S algorithmwith no self-importance sampling as S/NSI. Similarly, we refer to the S algorithm with noITB heuristic as S/NITB. Like S, S/NSI obtains its initial importance distribution P�0 fromthe heuristic-importance set of ITB. By contrast, S/NITB does not use the heuristic-importance set to generate P�0 . Rather, S/NITB sets P�0 (dj+) for all dj to the greater of10-3 or the prior probability on dj. S/NITB uses the same self-importance updatingfunction as does S.In addition to comparing S to S/NSI and S/NITB, we compared S to a second runof S, which we will call S2. We compared the probability distributions generated by S andS2 to examine the reproducibility of the simulation estimates. Note that reproducibility of

Middleton B, Shwe M, Heckerman D,et al.14the posterior distributions using the same simulation algorithm (with a different randomnumber seed) is a necessary but insufficient condition for proof of convergence of theestimates to the posterior distribution of QMR-DT. Since S and S2 were both run for thesame number of trials per case, we arbitrarily select S as the reference algorithm.To compare the posterior distributions of S to S/NSI, S/NITB, and S2, we use ameasure of the correlation of the two distributions over the ten diseases that S determines tohave the highest posterior marginal probabilities. Let dA(i) be the disease assigned the ithrank by algorithm A. Thus, for example, dA(1) is the most probable disease according toalgorithm A. Let PX(d+A(i)˚|˚F) be the probability that algorithm X assigns to disease dA(i)given the finding set F. We define the correlation r(A, B) as the correlation coefficient overthe pairs (PA(d+A(i) | F) , PB(d+A(i) | F)) for 1˚£˚i˚£ 10. For example, to compare theposterior marginal probabilities generated by algorithm S to those generated by algorithmS2 on a specific test case, we compare the correlation coefficient over the pairs (PS(d+S(i) |F), PS2(d+S(i) | F)) for 1˚£˚i˚£ 10. In general, r(A, B) is not symmetric.Because of the large number of diseases in the QMR-DT KB, when we run thediagnostic algorithms on the SAM cases, we record only the posterior marginalprobabilities of the diseases ranked in the top 20 positions by any particular algorithm. Ifthe rank assigned by algorithm B is greater than 20 for any dA(i), such that 1˚£˚i˚£˚10,then we bound PB(d+A(i) | F) between 0 and PB(d+A(20) | F). In such cases, we usePB(d+A(20) | F) / 2 as the value for PB(d+A(i)˚| F), since PB(d+A(20)˚|˚F)˚/˚2 is theexpected value of PB(d+A(i) | F), assuming that PB(d+A(i) | F) is symmetrically distributedbetween 0 and PB(d+A(20)˚|˚F). For example, suppose that the jth-ranked disease of Sdoes not appear in the top 20 ranked diseases of S2, and that PS2(d+S(20) | F) = 0.01.Then, we use the value of 0.005 for PS2(d+S(j) | F). We used a matched-pair t test to examine the difference in two correlationcoefficients from two algorithms [8]. Using the SAM cases, we test two null hypotheseswith a two-tailed matched-pair t test with a level of significance of p = 0.05. The first null

Middleton B, Shwe M, Heckerman D,et al.15hypothesis is that the absence of the self-importance sampling from S does not degradesignificantly the performance of the algorithm. We test this hypothesis with a matched-pairt test to investigate whether the correlations of posterior probabilities between S/NSI versusS is equal to those between S2 versus S. The second null hypothesis is that the absence ofthe heuristic-importance set generated by ITB does not degrade significantly theperformance of the S algorithm. We test this hypothesis by using the matched-pair t test toinvestigate whether the correlations of posterior probabilities between S/NITB versus S isequal to those between S2 versus S.3. ResultsWe implemented TB, ITB, S, S/UD, S/UL, S/NITB, and S/NSI in LightSpeed Pascal ona Macintosh IIci. We used Version 10.729 of QMR with a version of the QMR KB that isdated 6/14/89. QMR running on a PS/2 Model 50 performed inference on each of the SAMcases in 5 to 20 seconds. For all the test cases that we ran for this study, TB required anaverage of 3 seconds (range 0.5 to 14 seconds) on each case, ITB required an average of29 seconds per case (range 5 to 68 seconds) and S completed a total of 40,000 trials in anaverage of 94 minutes (range 46 to 173 minutes). (Note that the running times for S/UD,S/UL, S/NITB, S/NSI are similar to the running time of S.)3.1. A Comparison of Ranks and an Analysis of the QMR-DT ModelAfter running these algorithms on the SAM cases, we record for each algorithm the ranksthat the algorithm assigns to the diseases in the reference diagnosis of each test case. Theseranks appear in Table 2; a � appears where an algorithm did not assign a rank to adisease in the reference diagnosis. We emphasize that QMR was not used in an interactivefashion and that the results presented herein represent its performance under constrained

Middleton B, Shwe M, Heckerman D,et al.16evaluation conditions [5]. For example, note that in test case 23 the reference diagnosis is�celiac sprue� (Table 1). When this case was analyzed with QMR it did not provide a rankfor the reference diagnosis, however, it listed �malabsorption� as its topmost diagnosis(Table 2). In this instance QMR suggested a more general diagnosis, or intermediatepathophysiologic state, above the rank of the reference diagnosis. In this case, thediagnosis suggested by QMR was found to accurately represent the essential clinical stateof a case yet it did not suggest the reference diagnosis. For the purposes of our study,however, we use only the ranks of the reference diagnosis and acknowledge that ourresults represent only an initial laboratory evaluation of the various models and algorithms[9].We also summarize the ranking performance of each algorithm by noting thenumber of reference diagnoses ranked in the top position, the top five positions, the top 10positions, and the top 20 positions. These summaries of the ranks appear in Table 3. Theresults of the Wilcoxon signed-rank test on the rank-ordering performance of thealgorithms relative to S are shown in Table 4.As discussed in Section 2.1, none of the 23 SAM cases in Table 1 was used duringthe development of the simulation algorithms. That is, the results reported in Table 2 werethose obtained the first time that QMR, TB, ITB, S, S/UD, and S/UL were run on any ofthe SAM cases.2

2 When we first ran SAM 45, we found that TB, ITB, S, and S/UL assigned to the reference diagnosis ofprimary aldosteronism a posterior probability of 0. The reason for this behavior is that the gender-adjustedprior probability assigned to primary aldosteronism was 0. Recall our assumption in Part I for assigning aprior probability to an age- or gender-specific category for which the NCHS statistics indicated that therewere a negligible number of hospital discharges for a particular disease. The prior probability was calculatedbased on the discharges remaining after the discharges from other categories were subtracted from the generaldischarges. In the case of primary aldosteronism, the total number of patients discharged was listed as3000, whereas the number of females discharged was 3000. Thus, our system inferred that no males weredischarged with the diagnosis of primary aldosteronism and set to zero the prior probability of primaryaldosteronism given that the patient is male. Only S/UD used a nonzero prior probability for this event,since it set all prior probabilities to 10-3. When we discovered this error, we assigned the value of 1000 tothe number of males discharged with primary aldosteronism. We then re-ran TB, ITB, S, and S/UL,S/NITB, and S/NSI on SAM 45. The lowest discharge value reported in the NCHS data was 2000. Thus,1000 is the expected value of males discharged with primary aldosteronism, assuming a symmetricdistribution of this value between 0 and 2000.

Middleton B, Shwe M, Heckerman D,et al.17The primary aim of the evaluation in this paper is to compare the performance of Swith QMR on the SAM cases. The summary of the ranks (Table 3) assigned by the twoalgorithms indicates that S performs comparably to QMR on the SAM cases. As shown inTable 4, the Wilcoxon signed-rank test failed at a level of statistical significance of p = 0.05to reject the null hypothesis that the rank orderings of the two algorithms are identical onthe SAM cases.We also use the results of the rank-ordering performance on SAM cases in oursensitivity analysis on various components of the QMR-DT model. Let us first examine thedifference in performance that we observe when we add the assumption of mutuallyexclusive disease hypotheses to the QMR-DT model. When we compare the performancesummary of S to TB, we see that TB performs slightly better than S on the SAM cases(Table 3). The difference in performance, however, is not significant at the p = 0.05 level(Table 4).We would expect TB to rank order the reference diagnoses at least as well as S ontest cases with a reference diagnosis consisting of a single disease because TB assumes thatat most one disease can exist in the patient. In other words, since the restrictive assumptionof TB is compatible with the SAM test cases, the algorithm is tailored to the diagnostictask. Since each of the diagnoses of the cases in the SAM set contains a single disease, weintroduce only additional degrees of freedom into the diagnostic algorithm by modeling theinteraction of multiple diseases, as in algorithm S.The rank-ordering data suggest either that the QMR-DT model is not sensitive toprior probabilities on diseases for the cases tested, or that the prior probabilities that wehave assigned to the diseases are inaccurate. We see from Table 3 that S performed onlyslightly better than did S/UD on the SAM cases. The differences were not significant at thep = 0.05 level. However, in Table 4, we see in the sensitivity analysis of the leakprobabilities a statistically significant difference (p = 0.05) on the SAM cases between therank-ordering performance of S and S/UL. Note that on SAM cases 29, 30, 34, and 40 in

Middleton B, Shwe M, Heckerman D,et al.18Table 2, S ranked the reference diagnosis in the top 20 of its differential, whereas S/ULplaced the reference diagnoses much lower in its differential.3.2 Analysis of the Simulation Algorithm SIn a sensitivity analysis of the simulation algorithm to its component heuristics, wecompared the posterior distribution generated by S with the posterior distributions of S2,S/NSI, and S/NITB. Tables 5 shows the values for the correlation coefficient r(A,B), asdefined in Section 2.3. Each of the correlation coefficients r(A,B) corresponds to ascatterplot of the data points (PA(d+A(i) | F) , PB(d+A(i) | F)) for 1˚£˚i˚£ 10. To summarizegraphically the similarity of a posterior distributions from two algorithms A and B, weoverlay the scatterplots from several test cases to form an aggregate scatterplot. In Figure 1appears the aggregate scatterplot for r(S, S2) on the SAM cases. Similarly, the aggregatescatterplot for r(S, S/NSI) appears in Figure 2, and the plot for r(S, S/NITB) appears inFigure 3.Note that the posterior distributions of S and S2 were very similar over the top 10diseases of the posterior distribution generated by S. We see from Figure 1 that the pointsin the aggregate scatterplot of S2 versus S lie close to the identity line. The similarity of thedistributions of S and S2, as shown in Figure 1, supports the hypothesis that S isconverging to the posterior distribution implied by QMR-DT.To analyze the sensitivity of S to the ITB heuristic on the SAM cases, we comparedthe aggregate scatterplot of S/NITB versus S found in Figure 3 (pooled r = 0.89) to that ofS2 versus S found in Figure 1 (pooled r = 0.93). The pooled r values indicate that S/NITBcorrelates with the distribution of S nearly as well as S2 does. The pairs of correlations r(S,S2) and r(S, S/NITB) for each of the SAM cases are not found to be significantly differentby the two-tailed matched-pair t test (p = 0.05). This result suggests that absence of theITB heuristic does not degrade significantly the convergence of simulation in the SAM

Middleton B, Shwe M, Heckerman D,et al.19cases. By contrast, when we compare the aggregate scatterplot in Figure 2 of S/NSIversus S (pooled r = 0.81) to the plot in Figure 1 of S2 versus S (pooled r = 0.93), we seethat the absence of the self-importance heuristic on the SAM cases led to significantdisparity between the estimates of S/NSI and S. The two-tailed matched-pair t test (p =0.05) of the pairs of correlations r(S, S2) and r(S, S/NSI) for each of the SAM casesrejected the null hypothesis that the pairs of correlations were identical; this result suggeststhat the absence of the self-importance heuristic degrades the correlation with S. If webelieve that the estimates of S are close to the posterior distribution implied by the QMR-DTmodel (as suggested by the similarity of the distributions of S and S2), then it seems thatthe estimates of S/NSI have not converged to the posterior distribution implied by theQMR-DT model in SAM cases.In summary, the S algorithm exhibited diagnostic accuracy that is comparable tothat of QMR on the SAM cases. The difference in the rank-ordering performance of the twoalgorithms was not statistically significant at the p = 0.05 level using a Wilcoxon signed-rank test. We have evidence that the estimates of S have converged to the posteriordistribution implied by the QMR-DT model, since the estimates of S2 are very similar tothose of S. In our sensitivity analysis of the QMR-DT model, we observed that neither theadded assumption of mutually exclusive diseases nor uniform prior probabilities ondiseases caused a statistically significant difference in the rank ordering of the referencediagnosis of the SAM cases. The assumption of uniform leak probabilities did, however,degrade the performance of S in the SAM cases to a significant (p = 0.05) extent. In oursensitivity analysis of the two heuristics used by S, we observed that the estimates ofS/NSI (S without self-importance updating) were markedly different from those of S.Estimates of S/NITB (S without the heuristic iterative tabular Bayes� algorithm) were notsignificantly different from those of S.

Middleton B, Shwe M, Heckerman D,et al.204. DiscussionIn this study, we reformulated the QMR KB into a probabilistic model (the QMR-DT KB)using a belief-network representation. We compared the performance of QMR to animplementation of stochastic simulation on the QMR-DT model. We found that, on single-diagnosis cases abstracted from continuing medical education materials from ScientificAmerican Medicine, the simulation algorithm S performed comparably to the QMRdiagnostic algorithm. In our sensitivity analysis of three components of the model, wefound that only the assumption of uniform leak probabilities on findings resulted in asignificant degradation in performance. In our analysis of the heuristics used by the Salgorithm, we found that the algorithm was sensitive to the absence of a self-importanceupdating heuristic.Noteworthy issues in this study include (1) the insensitivity of the QMR-DT modelto uniform prior probabilities of diseases, (2) the value we used for the uniform leakprobability, (3) the difficulties in abstracting cases, (4) the lack of a gold-standarddistribution against which to compare our simulation algorithms, (5) the running time ofthe simulation, (6) the limitations of our rank-ordering comparison metric, (7) the limiteduse of QMR’s diagnostic capabilities, and (8) the shortcomings of the QMR-DT beliefnetwork model. We address each of these concerns in turn.4 . 1 Insensitivity to Prior ProbabilitiesWe found that the QMR-DT model was insensitive to uniform prior probabilities ofdiseases. This result may be caused by noise in the prior probabilities of diseases that weused; our mapping between ICD-9-CM terms and INTERNIST-1 diseases was inexact.Alternatively, the prior probabilities of the diseases in the SAM cases may differ from thosein the population from which our discharge statistics were collected. Also, it is possible that

Middleton B, Shwe M, Heckerman D,et al.21the weight of the evidence in the diagnostic cases that we used dominates the priorprobabilities of diseases in deriving posterior probabilities of diseases.4 . 2 Uniform Leak ProbabilitiesRecall from Part I, Section 2.2.3 that the leak probability of a finding is the probability thatthe finding occurs in the absence of any disease in the QMR KB, where Lf is the event thatthe leak is active. In our study of the effect of uniform leak probabilities, we used 10-5 asthe value of P(f+˚|˚Lf˚only) for each f ˛ F+. We could have used other values for theuniform leak probability, such as the mean leak probability (1.8 · 10-3) or the median leakprobability (1.9 · 10-4). Values of P(f+ |˚Lf only) other than 10-5 might have led todifferent rank orderings in the posterior marginal probabilities of diseases P(di+|˚F) in theanalysis of uniform leak probabilities. In any case, the observed effect of the uniform leakprobabilities relative to the effect of the uniform prior probabilities on the diagnosticperformance of the system suggests that QMR-DT model may be more sensitive to leakprobabilities than to prior probabilities of diseases for the types of cases tested.4.3 Abstracting Test CasesWe chose to use the SAM continuing medical education cases because they are in astandardized format that was amenable to abstraction, and because they have undergonereview both by experts in the domain and by experts in test—case construction. These cases,however, are only an approximation of real clinical cases. The case creator or the caseabstracter may introduce bias into the evidence set, due to differences in experience withsimilar clinical cases [10]. As described in Section 2.1, it was not always possible to mapfindings from a case into the finding representations present in QMR or INTERNIST-1.Because QMR’s vocabulary is richer than that of INTERNIST-1, we encountered a number

Middleton B, Shwe M, Heckerman D,et al.22of findings that we could map into QMR terminology but not into INTERNIST-1terminology. Thus, because our current QMR-DT belief network is based on theINTERNIST-1 KB, on occasion we had to use proxy findings from the INTERNIST-1KB. Instead of running QMR on only the case findings that were translatable intoINTERNIST-1 terminology, we ran QMR with the best possible mapping of case findingsinto QMR terminology. We attempted to reduce bias in case abstraction by following astandardized protocol, and by having a single reviewer for each case.4 . 4 Lack of a Gold-Standard Posterior DistributionIdeally, to examine the convergence properties of the simulation that we are using, wewould like to know the posterior distribution implied by the QMR-DT model�that is, agold-standard distribution. It is possible that Henrion�s TopN algorithm [11] would be ableto produce tight bounds on the posterior probabilities of diseases for large cases. Inaddition, the recursive decomposition algorithm [12] appears promising as an exact methodto calculate the posterior probabilities of diseases in an acceptable amount of time in somecases. As these methods were under development at the time this project was initiated wechose to use a simulation algorithm. We are currently investigating these other possibilities.One of the problems of the simulation algorithm that we describe in this paper isthat the algorithm does not provide us with a measure of the error of its estimates of theposterior probabilities of diseases. In the absence of a gold-standard distribution and theabsence of error measurements, we gain confidence in the estimates of the simulation whenseparate executions of the simulation on a specific set of evidence produce similardistributions. Although we report the results for only two runs of the simulation algorithm(S and S2), the close agreement between the distributions produced by S and S2 for eachof the SAM cases gives us reason to believe that the estimates of S have converged to theposterior distribution implied by the QMR-DT model.

Middleton B, Shwe M, Heckerman D,et al.23We also have used the S algorithm for inference on cases abstracted fromclinicopathologic conference (CPC) cases. These cases may contain a large number offindings and multiple, co-existing diseases in their diagnoses. On many of these cases, wedid not observe a high degree of correlation between the distributions of S and of S2. Wecontinue to study the behavior of the simulation algorithm and work to improve thealgorithm’s convergence properties. One improvement that we have explored is Markovblanket scoring (MBS) [13, 14]. Our results indicate that the MBS modification increasesthe rate of convergence as a function of the number of trials [15]. In fact, we observed thatseparate executions of S with the MBS modification are able to reproduce the posteriorprobability distributions of disease in complex CPC cases.4.5 Running Time of the Simulation AlgorithmWe do not believe that the prolonged running time of our serial implementation of S on apersonal computer will be a long-term limitation for practical applications. The simulationthat we are using is readily amenable to parallelization. For example, we can decompose thesimulation by trials (instantiations of the belief network), since each of the trials within oneself-importance sampling interval is independent of the other trials. The running time of thesimulation should decrease as a linear function of the number of processors. For example,a shared-memory parallel-computing machine with 64 processors, each with the computingpower of a 68030 (the microprocessor in a Macintosh IIci), would decrease the time ofcomputation by a factor of approximately 64, from approximately 94 minutes (the averagerunning time of S on a Macintosh IIci on the cases reported in this study) to 1.5 minutes.Similar machines are currently accessible on the Internet for use in research such as theQMR-DT project.Moreover, the simulation can incorporate any heuristic information to improveconvergence time. (Conversely, a bad heuristic may degrade the convergence.) The S

Middleton B, Shwe M, Heckerman D,et al.24algorithm uses two heuristics: a set of approximately 20 diseases recommended by ITB asinitial likely diagnostic candidates, and a self-importance sampling heuristic to update thesampling distribution based on the algorithm�s current estimates of the posteriorprobabilities of diseases. In addition, we could incorporate information obtained from aphysician familiar with a diagnostic case. For example, the physician could suggestdiseases that he believes are likely in a patient given the findings observed. If the QMR-DTKB included a hierarchy of diseases (based on organ systems, for example), then thephysician could also suggest the classes of the diseases that he believes to be present in thepatient. In addition, he could provide the system with an estimate of the number of diseasesthat he believes to be present. Any of this information, if reasonably accurate, probablywould improve the convergence time of the simulation.4 . 6 Rank-ordering Evaluation MetricIn our evaluation of QMR-DT, we used as an evaluation metric the rank assigned by S orby QMR to the reference diagnosis. We realize that this metric is limited. The evaluationreported in this paper is part of an iterative cycle of test and refinement. We do not intendthis analysis to be a definitive evaluation of QMR-DT or QMR. In a future more extensivecomparison, we might want to use metrics that involve clinical opinion, or eventuallypatient outcome measures�when the systems are used clinically. For example, we mightscore the output of the two systems using the judgment of an expert regarding whichdifferential most accurately reflects the probable state of the patient in light of the findingspresented. Also, we could examine the effect of the system�s differential on a physician�sdiagnostic beliefs or work-up plans. Eventually, it would be useful to perform a fieldevaluation of the QMR-DT system, similar to the field testing of QMR described in [16].4 . 7 Intended Use of QMR

Middleton B, Shwe M, Heckerman D,et al.25We used QMR in this study in a manner different from that intended by the system’sdevelopers. Specifically, QMR is intended to be used by a physician in an interactive mode[17]. Our use of QMR was limited to applying the QMR diagnostic algorithm once to eachset of positive and negative findings. We did not provide the algorithm with additionalpositive or negative findings based on queries that can be generated by the algorithm. Thedevelopers of QMR report that, even after all the positive findings for a case have beenentered, the addition of negative findings (to the set of negative findings entered initially)during an interaction with a clinician can increase QMR’s diagnostic accuracy [4].Similar limitations, however, apply to the use and evaluation of the algorithms weimplemented, such as S. Within a decision—theoretic framework, it is also possible toanalyze a case in an interactive mode. Specifically, given a utility model, we can use value—of—information analyses to guide selection of additional information and refine a diseasehypothesis. We are developing approximate methods to compute non-myopically thevalue of new information given an evidence set [18]. Techniques such as these may allowhypotheses to be iteratively generated and refined in a manner similar to the intended use ofQMR [4].4 . 8 Shortcomings of the QMR-DT Belief Network ModelBecause the current QMR-DT KB is a straightforward reformulation of the INTERNIST-1KB, both KBs suffer from many of the same shortcomings. The developers ofINTERNIST-1 cite several of these deficiencies in [6]: a lack of temporal modeling, a lackof representation of degree of severity, a lack of anatomic knowledge, and an absence of arepresentation of intermediate pathophysiologic states. Moreover, some of the assumptionswe made initially in our probabilistic model, as we discussed in Part I, Section 2.1, may

Middleton B, Shwe M, Heckerman D,et al.26be responsible for the diagnostic inaccuracies of S on the SAM cases. It will be importantto investigate which of the assumptions have the most effect on the performance of thesystem. We believe that the performance will improve when we add dependencies betweenfindings and restructure the KB causally to more correctly model findings that predisposeto disease. Also, adding dependencies between diseases probably would improve theperformance of the QMR-DT model on multiple-disease cases.5. ConclusionThe results that we report in this study suggest that the rank-ordering performance of ourcurrent probabilistic reformulation of QMR is comparable to that of QMR on cases of thelevel of difficulty of SAM continuing medical education materials. In addition, it appearsthat the QMR-DT model is not overtly sensitive to uniform prior probabilities of disease.The model is, however, sensitive to the values of the uniform leak probabilities on findings(the probability that a finding occurs in the absence of any disease in the QMR KB) that weused in this study. We presented evidence showing that the S algorithm produces estimatesof posterior marginal probabilities of diseases that are close to the posterior marginalprobabilities of diseases implied by the QMR-DT model on the SAM cases. Our sensitivityanalysis of the algorithm indicates that on the SAM cases, the S algorithm relies moreheavily on the self-importance updating heuristic than it does on the heuristic-importanceset.Since QMR-DT uses a formal probabilistic representation of knowledge, we areable to make explicit each of the assumptions in the model. We plan to test the QMR-DTsystem further, to investigate those assumptions in the model that are most crucial tosystem performance. Because QMR-DT is a probabilistic system, we can eventuallycombine the output of the system with a utility model to create recommendations for cost-effective test ordering and decision-theoretic therapy planning.

Middleton B, Shwe M, Heckerman D,et al.27The principle result of this study is that we were able to reformulate a largeheuristic KB into a probabilistic system that achieved diagnostic accuracy comparable tothat of QMR in a laboratory evaluation. Over 20 person years were devoted to building theQMR KB; thus, we saved a substantial amount of time by building QMR-DT as areformulation of QMR. Having explicitly noted each of the assumptions in the currentQMR-DT model, we are now able to begin to evaluate their consequences. Acknowledgments We are grateful to Randolph Miller for providing us with the INTERNIST-1 KB andfor collaborating with us on the QMR-DT project. We thank Edward Rubinstein fromScientific American Medicine for providing us with test cases for our research. RossShachter and Mark Peot provided insight on the likelihood-weighting algorithm. DanielBloch assisted with the statistical analyses in this paper. Lyn Dupr� provided valuablecomments on drafts of this paper. We thank the reviewers for their suggestions to improvethis report.This work was supported by the National Science Foundation under Grant IRI-8703710, the U. S. Army Research Office under Grant P-25514-EL, the National Libraryof Medicine under Grant R01LM04529, and the National Center for Health ServicesResearch Grant T2HS00028. Computing facilities were provided by the SUMEX-AIMResource under National Library of Medicine Grant LM05208.

Middleton B, Shwe M, Heckerman D,et al.28Appendix: Notation and Abbreviations1. AlgorithmsTBTabular Bayes� algorithm. An algorithm that uses Bayes’ rule under theassumptions of (1)˚mutually exclusive disease hypotheses and(2)˚conditional independence of findings given any disease.ITBIterative tabular Bayes� algorithm. A heuristic algorithm that applies TBsuccessively to various subsets of the set of findings.SA likelihood-weighting simulation algorithm that uses two heuristics: anheuristic-importance set from ITB and self-importance sampling.S2A second run of the S algorithm.S/NSIAn algorithm identical to S, except that it does not use self-importancesampling.S/NITBAn algorithm identical to S, except that it does not use an heuristic-importance set generated by ITB.2. Knowledge base (KB)diA disease in the KBfjA finding in the KBFA set of findings that are observedF+A set of positive findings that are observedF-A set of negative findings that are observed|F+|The number of elements of F+|F-|The number of elements of F-HA hypothesis of diseases, in which each disease is assigned a value ofpresent or absent

Middleton B, Shwe M, Heckerman D,et al.293. CorrelationPA(d+B(i) | F)The marginal posterior probability that algorithm A assigns to theith-ranked disease of the posterior distribution from algorithm B.

Middleton B, Shwe M, Heckerman D,et al.30References1. Cooper GF. The computational complexity of probabilistic inference using Bayesianbelief networks. Artificial Intelligence 1990; 42: 393—405.2. Rubenstein E. Personal communication, 1990.3. Miller RA. Personal communication, 1989.4. Miller RA. Personal communication, 1990.5. Miller RA, Masarie FE Jr. The demise of the "Greek Oracle" model for medicaldiagnostic systems. Methods of Information in Medicine 1990; 29: 1-2.6. Miller RA, Pople HEJ, Myers JD. Internist-1: An experimental computer-baseddiagnostic consultant for general internal medicine. New England Journal of Medicine1982; 307: 468-76.7. Miller R, Masarie FE, Myers JD. Quick medical reference (QMR) for diagnosticassistance. MD Computing 1986; 3: 34-48.8. Ott L. An Introduction to Statistical Methods and Data Analysis, Boston, MA: PWS-Kent Publishing Company, 1988.9. Wyatt J, Spiegelhalter DJ. Evaluating medical expert systems. Medical Informatics1990; 15: 207-217.10. Bankowitz RA. User variability in abstracting and entering printed case histories withQUICK MEDICAL REFERENCE (QMR). In: Stead. WW, ed. Proceedings of theEleventh Annual Symposium on Computer Applications in Medical Care. Los Alamitos,CA: IEEE Computer Society Press, 1987: 68-73.11. Henrion M. Towards efficient probabilistic diagnosis in multiply connected networks.In: Oliver RM, Smith JQ, eds. Influence Diagrams, Belief Nets and Decision Analysis.Chichester: Wiley, 1990: 385-407.

Middleton B, Shwe M, Heckerman D,et al.3112. Cooper GF. Bayesian Belief-Network Inference Using Recursive Decomposition.Knowledge Systems Laboratory Memo no. KSL-90-05. Stanford CA: StanfordUniversity, 1990.13. Pearl J. Evidential reasoning using stochastic simulation of causal models. ArtificialIntelligence 1987; 32: 245-57.14. Shachter RD, Peot M. Simulation approaches to general probabilistic inference onbelief networks. In: Henrion M, Shachter R, Kanal LN, Lemmer JF, eds. MachineIntelligence and Pattern Recognition: Uncertainty in Artificial Intelligence 5. Amsterdam:North-Holland Publishing Company, 1990: 221-31.15. Shwe MA, Cooper GF. An empirical analysis of likelihood-weighting simulation on alarge, multiply connected medical belief network. Computers and Biomedical Research1991; to appear.16. Bankowitz RA, McNeil MA, Challinor SM, Parker RC, Kapoor WN, Miller RA. Acomputer-assisted medical diagnostic consultation service: Implementation and prospectiveevaluation of a prototype. Annals of Internal Medicine 1989; 110: 824—32.17. Miller RA, McNeil MA, Challinor SM, Masarie FEJ, Myers JD. The INTERNIST-1/QUICK MEDICAL REFERENCE project�Status report. Western Journal of Medicine1986; 145: 816-22.18. Heckerman DE, Horvitz EJ, Middleton B. An Approximate Nonmyopic computationfor Value of Information. Knowledge Systems Laboratory Memo no. KSL-91-15.Stanford CA: Stanford University, 1991.

Middleton B, Shwe M, Heckerman D,et al.320.00.20.40.60.81.0

0.00.20.40.60.81.0

PS(dS(i)+ | F)PS2(dS(i)+ | F)Fig. 1

Middleton B, Shwe M, Heckerman D,et al.330.00.20.40.60.81.0

0.00.20.40.60.81.0

PS(dS(i)+ | F)PS/NSI(dS(i)+ | F)Fig. 2

Middleton B, Shwe M, Heckerman D,et al.340.00.20.40.60.81.0

0.00.20.40.60.81.0

PS(dS(i)+ | F)PS/NITB(dS(i)+ | F)Fig. 3

Middleton B, Shwe M, Heckerman D,et al.35Table 1 Diagnoses and number of findings for the single-disease Scientific American Medicine(SAM) cases (N = 23) used in the evaluationSAM casenumberDiagnosis|F+|a|F—|b

1acute myocardial infarction1 8 1 1 6ulcerative colitis1 1 1 5 1 5 chronic active hepatitis1 6 92 0 systemic lupus erythematosus1 5 2 2 2 2 acute myocardial infarction2 4 82 3 celiac sprue1 8 1 8 2 5 acute pyelonephritis2 6 3 0 2 7 pulmonary tuberculosis1 2 82 8 mitral-valve prolapse2 0 82 9 Legionnaires’ pneumonia2 2 83 0 idiopathic thrombocytopenic purpura1 7 2 1 3 1 primary transient sarcoidosis2 4 1 9 3 3 nephrolithiasis2 5 3 0 3 4 diffuse esophageal spasm1 7 4 5 3 5 Alzheimer’s disease1 6 1 8 3 7 idiopathic pericarditis3 1 2 9 4 0 giant cell arteritis1 2 2 9 4 2 acute myocardial infarction1 7 2 5 4 6 ulcerative colitis1 8 2 1 4 7 acromegaly1 6 2 8 5 0 polycythemia vera1 2 1 9 5 1 thyroid papillary carcinoma1 0 2 0 5 3 aortic dissection1 7 2 6 mean1 8 2 0 a|F+| is the number of positive findings in the caseb|F-| is the number of negative findings in the case

Middleton B, Shwe M, Heckerman D,et al.36Table 2 Ranks assigned to the reference diagnoses of the 23 SAM cases

Algorithm

SAMcasenumberQMRTBITBSS/UDS/UL

1611111622122215111221201111112211112123�(1)5 (1)20 (1)103 (1)4 (1)216 (1)25312126271131112812111129341196106305237173631129112416625533221721134161244445351131223721722784011111352424132214611111147111111501121115122557223053311111Key:�Reference diagnosis not ranked� In case 23, we identified retrospectively an intermediate pathophysiologic state ofmalabsorption. The rank of malabsorption appears in parentheses for each algorithm.

Middleton B, Shwe M, Heckerman D,et al.37Table 3 Summary of the ranks assigned to the reference diagnoses of SAM cases (N = 23)

Algorithm

SummarystatisticQMR(%)TB(%)ITB(%)S(%)S/UD(%)S/UL(%)

Number in top 111(48)13(57)10(43)12(52)10(43)12(52)Number in top 521(91)20(87)18(78)18(78)18(78)14(61)Number in top 1021(91)22(96)18(78)20(87)20(87)16(70)Number in top 2022(96)23(100)23(100)20(87)21(91)16(70)

Middleton B, Shwe M, Heckerman D,et al.38Table 4 Values of the test statistic, T, for a two-sided Wilcoxon signed-rank test comparing therank ordering generated by algorithm S with the rank orderings generated by five otheralgorithms

Algorithm

QMRTBITBS/UDS/ULWilcoxon T:T(0.05,n)an1 5 1 3 1 1 13.51 0 1 0 3 9 2 1 1 4 5 9 2 5 1 5 14.5b1 7 1 3 a T(0.05,n) is the critical value for the T statistic at the p = 0.05 level of significance for n pairsof observations with nonzero difference.b When the computed value of T is less than T(0.05,n), we can reject the null hypothesis (at thep = 0.05 level) that the rank ordering of S is identical to that of another algorithm.

Middleton B, Shwe M, Heckerman D,et al.39Table 5 Correlation coefficients comparing the estimates of the posterior marginalprobabilities of diseases generated by three algorithms to the posterior distribution of S on theSAM cases

Correlationcoefficient

SAMcasenumberr(S, S2)r(S, S/NSI)r(S, S/NITB)

10.960.830.9961.000.970.951 50.920.780.672 01.001.001.002 20.610.300.632 30.870.890.992 50.970.870.682 70.940.961.002 80.970.940.992 90.910.970.963 00.901.001.003 10.940.370.793 30.980.790.923 40.980.510.973 51.001.000.993 70.820.650.674 01.000.971.004 20.990.980.994 61.001.001.004 71.000.760.905 00.990.970.965 11.001.001.005 31.000.910.99pooleda0.930.810.89 a The pooled correlation coefficient is computed from the pairs (PS(d+S(i) | F) , PB(d+S(i)˚|˚F))for 1˚£˚i˚£ 10 for all of the SAM cases.

Middleton B, Shwe M, Heckerman D,et al.40Fig. 1 A plot of the posterior estimates of S2 as a function of the corresponding top 10estimates from S, pooled from the 23 SAM cases. (r = 0.93.)Fig. 2 A plot of the posterior estimates of S/NSI as a function of the corresponding top 10estimates from S, pooled from the 23 SAM cases. (r = 0.81.)Fig. 3 A plot of the posterior estimates of S/NITB as a function of the corresponding top10 estimates from S, pooled from the 23 SAM cases. (r = 0.89.)