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Abstract
Background: Diagnostic decision support systems (DDSS) are computer programs aimed to improve health care by supporting
clinicians in the process of diagnostic decision-making. Previous studies on DDSS demonstrated their ability to enhance clinicians’
diagnostic skills, prevent diagnostic errors, and reduce hospitalization costs. Despite the potential benefits, their utilization in
clinical practice is limited, emphasizing the need for new and improved products.
Objective: The aim of this study was to conduct a preliminary analysis of the diagnostic performance of “Kahun,” a new artificial
intelligence-driven diagnostic tool.
Methods: Diagnostic performance was evaluated based on the program’s ability to “solve” clinical cases from the United States
Medical Licensing Examination Step 2 Clinical Skills board exam simulations that were drawn from the case banks of 3 leading
preparation companies. Each case included 3 expected differential diagnoses. The cases were entered into the Kahun platform
by 3 blinded junior physicians. For each case, the presence and the rank of the correct diagnoses within the generated differential
diagnoses list were recorded. Each diagnostic performance was measured in two ways: first, as diagnostic sensitivity, and second,
as case-specific success rates that represent diagnostic comprehensiveness.
Results: The study included 91 clinical cases with 78 different chief complaints and a mean number of 38 (SD 8) findings for
each case. The total number of expected diagnoses was 272, of which 174 were different (some appeared more than once). Of
the 272 expected diagnoses, 231 (87.5%; 95% CI 76-99) diagnoses were suggested within the top 20 listed diagnoses, 209 (76.8%;
95% CI 66-87) were suggested within the top 10, and 168 (61.8%; 95% CI 52-71) within the top 5. The median rank of correct
diagnoses was 3 (IQR 2-6). Of the 91 expected diagnoses, 62 (68%; 95% CI 59-78) of the cases were suggested within the top
20 listed diagnoses, 44 (48%; 95% CI 38-59) within the top 10, and 24 (26%; 95% CI 17-35) within the top 5. Of the 91 expected
diagnoses, in 87 (96%; 95% CI 91-100), at least 2 out of 3 of the cases’ expected diagnoses were suggested within the top 20
listed diagnoses; 78 (86%; 95% CI 79-93) were suggested within the top 10; and 61 (67%; 95% CI 57-77) within the top 5.
Conclusions: The diagnostic support tool evaluated in this study demonstrated good diagnostic accuracy and comprehensiveness;
it also had the ability to manage a wide range of clinical findings.
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Introduction
Background
Diagnostic decision support systems (DDSS) are computer
programs that aim to improve healthcare and minimize
diagnostic errors by supporting healthcare professionals in the
process of diagnostic decision-making [1-3]. These processes,
both in general and specifically in medicine, are influenced by
cognitive biases [4,5], difficulty estimating pre- or posttest
probabilities [6,7], and the experience level of the caregiver [8].
The currently available DDSS vary greatly in terms of
knowledge base source and curation, algorithmic complexity,
available features, and user interface [9-12]. However, all DDSS
generally work by providing diagnostic suggestions based on
a patient’s specific data. Previous studies have demonstrated
the ability of DDSS to enhance clinicians’ diagnostic skills
[2,3,13,14], prevent diagnostic errors [14], and reduce
hospitalization costs [15]. However, no effect regarding
patient-related outcomes has been reported yet [16,17]. Despite
the potential benefits of DDSS and the fact that the first products
were introduced decades ago [1,10,11,18], they are not yet
widely accepted in the medical community and are not used
routinely in clinical practice [17,19]. The factors proposed to
be responsible for this state include negative perceptions and
biases of practitioners, poor accuracy of the available tools,
inherent tendency to prefer sensitivity over specificity, lack of
standardized nomenclature, and poor usability and integration
into the practitioner’s workflow [16,19-22]. These facts
emphasize the need for new products harnessing recent advances
in the data science field.

About the Diagnostic Support System Evaluated
In this study, we evaluated the diagnostic performance of Kahun
(Kahun Medical Ltd), a new diagnostic support tool for
healthcare practitioners, freely available to use online or as a
mobile app. Kahun enables users to input a wide range of
findings concerning their patients and, in turn, generates: (1) a
differential-diagnoses (DDX) list, ranked according to
likelihood; (2) stronger and weaker findings alongside a graph
of clinical associations for each suggested diagnosis, all with
direct references; and (3) further options for diagnostic workup
with evidence-based justifications aimed to refine the DDX, to
exclude life-threatening cases, and to reach a definitive
diagnosis. A video demonstrating the use of the platform for a
standard patient is presented in Multimedia Appendix 1. A series
of step-by-step screenshots portraying the different panels and
functions of the mobile app is presented in Multimedia Appendix
2.
Kahun’s knowledge base is a structured, scalable, quantitative
knowledge graph designed to model both ontological and
empirical medical knowledge as they appear in evidence-based
literature. To combine aspects of semantic knowledge graphs
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with empirical and probabilistic relationships, Kahun adopts
the techniques of causal graphs and probabilistic graphing
models. The platform’s sources of knowledge include core
clinical journals and established medical textbooks of internal
medicine, as well as ontological poly-hierarchies such as the
Systematized Nomenclature of Medicine (SNOMED) and the
Logical Observation Identifiers Names and Codes (LOINC)
[23]. Each data point is referenced back to the original source,
thus enabling the assignment of different weights for each data
point according to the strength of evidence of its source. Data
from these sources are curated using a model that transforms
textual representations into structured interconnections between
medical concepts found in the text; these connections point to
the specific cohorts and cite the statistical metrics provided by
the source. The knowledge base is continuously being updated
and growing all the time. It currently contains over 10,000
concepts, alongside 20,000,000 facts and metrics cataloged
from over 50,000 referenced sources.
Given a set of findings, the Kahun core algorithm processes
information from the structured knowledge base to support the
clinical reasoning process. The goal of the algorithm is to
highlight all relevant knowledge in the context of a specific
patient. Hence, the system is always dealing with a “cohort of
one,” meaning a cohort representing patients that match all
known attributes of the presented patient. The algorithm can
synthesize and transform metrics, where valid (eg, using
published sensitivity and likelihood ratio to compute the
specificity of a test). Most often, metrics must be estimated
despite missing data in the literature. In such cases, the algorithm
will estimate probabilities, which are an extension of existing
facts and in harmony with other published metrics. The
transparency at the heart of the knowledge graph allows all such
estimates to be explained, using clinical reasoning, and
referenced back to their sources. The Kahun system goes
through a constant process of quality assurance, carried out by
a combination of medical experts and automated tools. Internal
tools provide an on-demand view of knowledge per medical
concept (eg, disease, clinical finding, and more), and test reports
are produced for the clinical reasoning given patient
presentations. Both are tested continuously against data sets of
medical cases.

Objectives
The goal of this study was to test the diagnostic accuracy of
Kahun in terms of its ability to suggest the expected diagnosis
in a series of cases from the United States Medical Licensing
Examination (USMLE) Step 2 Clinical Skills board exam
simulations. This is meant to be a preliminary evaluation of the
platform, aimed at providing an initial indication regarding its
diagnostic capability and general practicality. Further
investigations are planned to evaluate its influence on
practitioners’ skills and behavior in both simulated and real-life
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settings, with the end goal of demonstrating its effect on
healthcare quality measures and patient-related outcomes.

Methods
Case Selection
Cases were extracted from the case banks of 3 leading USMLE
board exams preparation companies: UWorld, Amboss, and
FirstAid. All cases available for subscribed users were drawn
and checked for eligibility. Each case included a summary of
the patient’s clinical findings (demographics, medical and family
history, medications, habits, symptoms, and signs) and 3
“correct” DDX that are expected to be suggested. The cases
were reviewed by 3 physicians, who are registered specialists
in emergency medicine, rheumatology, and internal medicine,
with at least 5 years of practicing experience. Each case was
assigned to a medical discipline based on its chief complaint.
Cases from the disciplines of pediatrics, obstetrics, trauma, and
psychiatry were excluded if at least 2 reviewers allocated these
cases to such groups.

Procedures and Design
A group of 3 junior physicians, interns in internal medicine
from a tertiary hospital in Israel, were recruited to enter the
clinical findings of the selected cases into the Kahun platform.
To avoid biases and simulate use by an inexperienced user, the
selected physicians had no prior experience using Kahun. They
were blinded to the correct diagnoses, and the only guidance
they received was a short online tutorial video (Multimedia
Appendix 1). For each case, the presence and the rank of the
correct diagnoses within the generated DDX list were recorded.
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Statistical Analysis
A case was considered successful if Kahun listed the correct
diagnosis within the top 5, 10, and 20 places of the generated
DDX list, which includes a maximum of the 20 most likely
diagnoses. Diagnostic performance was measured in two ways.
First, as sensitivity, calculated as the total number of the
expected DDX appropriately suggested (within the top 5, 10,
and 20 of the listed diagnoses), divided by the total number of
the expected diagnoses in all cases. This analysis was further
stratified according to organ system. Second, the
comprehensiveness of the DDX list was measured and calculated
as the number of cases with 1/3, 2/3, and 3/3 of the expected
DDX appropriately suggested (within the top 5, 10, and 20 listed
diagnoses), divided by the total number of cases. Statistical
analysis was performed using the commercial software SPSS
(for Windows, version 26.0, IBM Corp). The 95% CIs were
calculated assuming binomial distribution.

Results
Characteristics of Cases
A total of 127 cases were screened from Amboss (n=40),
FirstAid (n=44), and UWorld (n=44); 36 cases were excluded
because they were classified as pediatric (n=18), trauma (n=12),
obstetric (n=2), and psychiatric (n=1) cases or were
routine-checkup cases without a chief complaint (n=3). The
remaining 91 cases, Amboss (n=29), FirstAid (n=25), and
UWorld (n=37), were analyzed in the study (Figure 1).

Figure 1. Case selection flow chart.

Each case was provided with 5 (n=1), 4 (n=1), 3 (n=85), or 2
(n=4) correct diagnoses, resulting in a total of 272 tested
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diagnoses of which 174 were unique (some diagnoses appeared
in more than 1 case). The most common expected diagnosis
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was hypothyroidism (n=6), followed by adverse drug reaction,
pelvic inflammatory disease, hyperthyroidism, pneumonia, and
depressive disorder (n=5). The distribution of diagnoses
according to organ systems and basic success rates is presented
in Table 1. The best diagnostic sensitivity rates were
demonstrated for diagnoses related to the digestive system
(54/55, 98.2%) and to the genitourinary system (35/36, 97.2%),

while the worst were demonstrated for autoimmune or
inflammatory diagnoses (8/13, 61.5%). Diagnostic accuracy
did not fall below 50% in any category. Overall, 845 different
findings (both positive and negative) were entered into Kahun
in the test, with a mean number of 39.8 (SD 8) findings for each
case.

Table 1. Distribution of case diagnoses according to organ system and specific accuracy rates.

a

Organ system

Accuracya n/N (%)

95% CI

Cardiovascular

18/21 (85)

71-100

Respiratory

14/18 (77)

59-97

Gastrointestinal

54/55 (98)

95-100

Genitourinary

35/36 (97)

92-100

Infectious

26/30 (86)

75-99

Nervous

22/27 (81)

67-96

Musculoskeletal

4/5 (80)

45-100

Ear-nose-throat

12/16 (75)

54-96

Autoimmune or inflammatory

8/13 (61)

35-88

Endocrine/metabolic/drugs

19/29 (65)

48-83

Psychiatric

17/19 (89)

76-100

Other

2/3 (67)

13-100

Within the top 20 listed diagnoses.

Diagnostic Sensitivity Rates
Diagnostic sensitivity rates are presented in Table 2. Out of the
total 272 expected diagnoses, 231 (87.5%) diagnoses were
accurately suggested within the top 20 listed diagnoses (95%

CI 76-99), of which 209 (76.8%) were listed within the top 10
(95% CI 66-87), and 168 (61.8%) listed within the top 5 (95%
CI 52-71). There was no statistical significance in the difference
of sensitivities between the different case sources. The median
rank of correct diagnoses was 3 (IQR 2-6).

Table 2. Diagnostic sensitivity.
Company name

Correctly suggested diagnoses
Within top 5 listed diagnoses

Within top 10 listed diagnoses

Within top 20 listed diagnoses

n (%)

95% CI

n (%)

95% CI

n (%)

95% CI

Total (N=272)

168 (61.8)

52-71

209 (76.8)

66-87

238 (87.5)

76-99

Amboss (n=87)

57 (65.5)

49-83

72 (82.8)

64-100

79 (90.8)

71-100

FirstAid (n=76)

43 (56.6)

40-73

56 (73.7)

54-93

61 (80.3)

60-100

UWorld (n=109)

68 (62.4)

48-77

81 (74.3)

58-90

98 (89.9)

72-100

Diagnostic Comprehensiveness
Case-specific success rates are presented in Table 3. In 62 (68%)
out of 91 cases (95% CI 59-78), all of the cases’ expected
diagnoses were suggested within the top 20 listed diagnoses;
in 44 (48%; 95% CI 38-59), they were listed within the top 10
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diagnoses; and in 24 (26%; 95% CI 17-35), within the top 5
diagnoses. In 87 (96%) out of 91 cases (95% CI 91-100), at
least 2 out of 3 of the cases’ expected diagnoses were suggested
within the top 20 listed diagnoses; in 78 (86%; 95% CI 79-93)
within the top 10 listed diagnoses; and in 61 (67%; 95% CI
57-77) within the top 5 listed diagnoses.
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Table 3. Case-specific success rates.
Top diagnoses

Rate of correctly suggested diagnoses per case (n=91)
3/3a

a

≥2/3b

≥1/3c

Cases, n (%)

95% CI

Cases, n (%)

95% CI

Cases, n (%)

95% CI

Within top 5 listed diagnoses

24 (26)

17-35

61 (67)

57-77

84 (92)

87-98

Within top 10 listed diagnoses

44 (48)

38-59

78 (86)

79-93

88 (97)

93-100

Within top 20 listed diagnoses

62 (68)

59-78

87 (96)

91-100

90 (99)

97-100

Including cases with 2/2, 4/4, and 5/5 correct diagnoses.

b

Including a case with 4/5 correct diagnoses.

c

Including cases with 1/2 and 2/4 correct diagnoses.

Discussion
Principal Results
In this study, we evaluated the diagnostic performance of Kahun,
a new open-access DDSS, based on its ability to suggest the
expected diagnoses in simulated board exam cases. Overall,
Kahun demonstrated good diagnostic sensitivity and
comprehensiveness in managing these cases. Moreover, the
system demonstrated its ability to manage a wide range of
patient-related findings and to reach a wide range of accurate
diagnoses from different fields of medicine.

Comparison to Previous Studies
The general literature addressing computer-assisted diagnosis
is vast. However, when we narrow the scope to commercially
available systems that adhere to the definition of DDSS (as
established by Bond et al [24]) and those that are targeted for
general practice rather than a specific field or condition, only a
handful of original studies regarding diagnostic accuracy remain
[1,12,24,25]. Similar to our study, all of these studies used a
structured clinical case model to evaluate diagnostic systems.
Of the studies we reviewed, 3 used cases from different case
banks [12,24,25], while 1 used structured cases based on real
patients [1]. Unlike our study, all of these [1,12,24,25] defined
accuracy as the retrieval rate of a single “gold standard”
diagnosis in the top 20 or 30 differential diagnoses generated
by the tested tool. None of the studies [1,12,24,25] reported the
mean rank of correct diagnoses or the number of findings the
system was able to include, except for the study by Graber et
al [25] on ISABEL (Isabel Healthcare), which used 3 to 6 key
findings for each case. Regarding diagnostic sensitivity, a recent
comprehensive metanalysis [26], covering 36 original studies,
reported a pooled sensitivity of 70% (95% CI 63-77) overall,
and 68% (95% CI 61-74) in studies with stronger
methodological quality ratings. The highest accuracy rate was
observed for ISABEL, which demonstrated a pooled sensitivity
of 89% (95% CI 83-94) with a high heterogeneity between
studies [26]. Importantly, the studies in which ISABEL
demonstrated the highest accuracy rates defined success as the
tool’s ability to output the correct diagnosis in a DDX list
containing the 30 most likely diagnoses, as opposed to the 20
diagnoses in our study [25]. A recent study [12], comparing
Doknosis, DXplain (Massachusetts General Hospital), and
ISABEL, analyzed diagnostic accuracy on a data set including
cases from the UWorld case bank, which was also used in our
https://medinform.jmir.org/2021/11/e32507
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study. In this analysis, the best sensitivity rate observed was
47%. Given these findings, it is safe to assume that the
diagnostic sensitivity observed in our study falls in the upper
range of what was previously demonstrated by the existing
systems. Clearly, no direct comparison between the products
could be made in our study.

Strengths
In this study, we used structured clinical cases that simulate the
USMLE Step 2 board exams to evaluate a new diagnostic
support tool. These cases have the advantage of being principal
cases, which are frequently encountered in primary care and
emergency department settings. Moreover, they are designated
for the level of junior physicians and medical students, who are
populations that were demonstrated to benefit the most from
using DDSS [3]. An additional advantage was the fact that each
case had 3 “correct” diagnoses rather than a single final
diagnosis. This more accurately reflects the true nature of these
systems: to serve as valuable resources in the hands of the
physician by providing reliable and reasoned case-specific
diagnostic and workup suggestions, rather than serving as a
“Greek oracle” predicting the correct diagnosis [3,13]. This
approach also enabled us to assess the comprehensiveness
[1,3,13] of the DDX quality. The cases were entered into the
platform by first-time users, which increased the platform’s
external validity by allowing an extrapolation of the results to
those of an “average” user; it also enabled the study to reflect
on the instinctive nature of the diagnostic system. This procedure
was performed while the subjects were blinded to the correct
diagnoses, thus reducing the chance of response bias.

Limitations
Our study has several limitations. First, it was designed to assess
the accuracy of Kahun in an ideal environment, which does not
reflect the stressful and time-limiting working environment of
a junior clinician in the primary care clinic, emergency
department, or internal medicine department settings. Moreover,
the patient summaries used in this study were already somewhat
processed and do not account for the clinician’s judgment
regarding the relevancy of certain findings or the ability to
produce and interpret findings from a physical examination.
Another shortcoming for this type of comparison is that it
measures the accuracy of the diagnostic tool itself, rather than
its ability to augment the user’s informed decision-making,
which is perhaps a more valuable measure of performance
[1,3,13]. For these reasons, caution needs to be taken when
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extrapolating the results to performance in an actual clinical
setting. The clinical cases selected in this study were based on
the USMLE board exams, which, although diverse, are less
representative of the rare or unique cases usually depicted in
case-report studies. Furthermore, they do not include laboratory
and imaging findings and, therefore, do not measure the ability
of Kahun to handle these findings. Finally, regarding the
platform itself, Kahun is currently not set up to manage patients
in pediatrics, trauma, obstetrics, and psychiatry settings.
Therefore, we were forced to exclude these cases from the

Ben-Shabat et al
analysis. Nevertheless, it is important to note that Kahun was
able to generate DDX from these fields with similar accuracy
rates.

Conclusions
Kahun is a new diagnostic tool that demonstrates an acceptable
level of diagnostic accuracy and comprehensiveness. Further
studies are warranted to evaluate its contribution to the
physician’s decision-making process, to the quality of
healthcare, and to the clinical outcomes of the patients, including
direct comparison to other DDSS.

Acknowledgments
We would like to thank the cofounder and chief marketing officer of Kahun Medical Ltd, Michal Tzuchman-Katz, MD, for
providing software-related information and technical support for this study. All of the participants in the study were volunteers.
No grants or any other funds were received for the purpose of the study. NBS, AS, and TW are part-time employees at Kahun
Medical Ltd.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Tutorial video demonstrating a standard patient’s run in Kahun's platform.
[MP4 File (MP4 Video), 1994 KB-Multimedia Appendix 1]

Multimedia Appendix 2
A series of screenshots portraying panels and functions of the mobile app.
[PPTX File , 1578 KB-Multimedia Appendix 2]

References
1.
2.

3.

4.
5.

6.

7.

8.

9.

10.

Berner ES, Webster GD, Shugerman AA, Jackson JR, Algina J, Baker AL, et al. Performance of Four Computer-Based
Diagnostic Systems. N Engl J Med 1994 Jun 23;330(25):1792-1796. [doi: 10.1056/nejm199406233302506]
Berner ES, Maisiak RS, Cobbs CG, Taunton OD. Effects of a decision support system on physicians' diagnostic performance.
J Am Med Inform Assoc 1999 Sep 01;6(5):420-427 [FREE Full text] [doi: 10.1136/jamia.1999.0060420] [Medline:
10495101]
Friedman CP, Elstein AS, Wolf FM, Murphy GC, Franz TM, Heckerling PS, et al. Enhancement of clinicians' diagnostic
reasoning by computer-based consultation: a multisite study of 2 systems. JAMA 1999 Nov 17;282(19):1851-1856. [doi:
10.1001/jama.282.19.1851] [Medline: 10573277]
Tversky A, Kahneman D. Judgment under Uncertainty: Heuristics and Biases. Science 1974 Sep 27;185(4157):1124-1131.
[doi: 10.1126/science.185.4157.1124] [Medline: 17835457]
Saposnik G, Redelmeier D, Ruff CC, Tobler PN. Cognitive biases associated with medical decisions: a systematic review.
BMC Med Inform Decis Mak 2016 Nov 03;16(1):138 [FREE Full text] [doi: 10.1186/s12911-016-0377-1] [Medline:
27809908]
Morgan DJ, Pineles L, Owczarzak J, Magder L, Scherer L, Brown JP, et al. Accuracy of Practitioner Estimates of Probability
of Diagnosis Before and After Testing. JAMA Intern Med 2021 Jun 01;181(6):747-755 [FREE Full text] [doi:
10.1001/jamainternmed.2021.0269] [Medline: 33818595]
Whiting PF, Davenport C, Jameson C, Burke M, Sterne JAC, Hyde C, et al. How well do health professionals interpret
diagnostic information? A systematic review. BMJ Open 2015 Jul 28;5(7):e008155 [FREE Full text] [doi:
10.1136/bmjopen-2015-008155] [Medline: 26220870]
Friedman CP, Gatti GG, Franz TM, Murphy GC, Wolf FM, Heckerling PS, et al. Do physicians know when their diagnoses
are correct? Implications for decision support and error reduction. J Gen Intern Med 2005 Apr;20(4):334-339 [FREE Full
text] [doi: 10.1111/j.1525-1497.2005.30145.x] [Medline: 15857490]
Ramnarayan P, Tomlinson A, Rao A, Coren M, Winrow A, Britto J. ISABEL: a web-based differential diagnostic aid for
paediatrics: results from an initial performance evaluation. Arch Dis Child 2003 May;88(5):408-413 [FREE Full text] [doi:
10.1136/adc.88.5.408] [Medline: 12716712]
Barnett GO. DXplain: An Evolving Diagnostic Decision-Support System. JAMA 1987 Jul 03;258(1):67-74. [doi:
10.1001/jama.1987.03400010071030]

https://medinform.jmir.org/2021/11/e32507

XSL• FO
RenderX

JMIR Med Inform 2021 | vol. 9 | iss. 11 | e32507 | p. 6
(page number not for citation purposes)

JMIR MEDICAL INFORMATICS
11.
12.

13.

14.

15.

16.

17.

18.
19.

20.

21.
22.
23.
24.

25.
26.

Ben-Shabat et al

Miller R, Masarie FE, Myers JD. Quick medical reference (QMR) for diagnostic assistance. MD Comput 1986;3(5):34-48.
[Medline: 3537611]
Müller L, Gangadharaiah R, Klein SC, Perry J, Bernstein G, Nurkse D, et al. An open access medical knowledge base for
community driven diagnostic decision support system development. BMC Med Inform Decis Mak 2019 Apr 27;19(1):93
[FREE Full text] [doi: 10.1186/s12911-019-0804-1] [Medline: 31029130]
Ramnarayan P, Kapoor RR, Coren M, Nanduri V, Tomlinson AL, Taylor PM, et al. Measuring the Impact of Diagnostic
Decision Support on the Quality of Clinical Decision Making: Development of a Reliable and Valid Composite Score. J
Am Med Inform Assoc 2003 Nov 01;10(6):563-572. [doi: 10.1197/jamia.m1338]
Ramnarayan P, Roberts GC, Coren M, Nanduri V, Tomlinson A, Taylor PM, et al. Assessment of the potential impact of
a reminder system on the reduction of diagnostic errors: a quasi-experimental study. BMC Med Inform Decis Mak 2006
Apr 28;6(1):22 [FREE Full text] [doi: 10.1186/1472-6947-6-22] [Medline: 16646956]
Elkin PL, Liebow M, Bauer BA, Chaliki S, Wahner-Roedler D, Bundrick J, et al. The introduction of a diagnostic decision
support system (DXplain™) into the workflow of a teaching hospital service can decrease the cost of service for diagnostically
challenging Diagnostic Related Groups (DRGs). Int J Med Inform 2010 Nov;79(11):772-777 [FREE Full text] [doi:
10.1016/j.ijmedinf.2010.09.004] [Medline: 20951080]
Garg AX, Adhikari NKJ, McDonald H, Rosas-Arellano MP, Devereaux PJ, Beyene J, et al. Effects of computerized clinical
decision support systems on practitioner performance and patient outcomes: a systematic review. JAMA 2005 Mar
09;293(10):1223-1238. [doi: 10.1001/jama.293.10.1223] [Medline: 15755945]
Sutton RT, Pincock D, Baumgart DC, Sadowski DC, Fedorak RN, Kroeker KI. An overview of clinical decision support
systems: benefits, risks, and strategies for success. NPJ Digit Med 2020;3:17 [FREE Full text] [doi:
10.1038/s41746-020-0221-y] [Medline: 32047862]
Bergeron B. Iliad: a diagnostic consultant and patient simulator. MD Comput 1991;8(1):46-53. [Medline: 1822085]
Berner ES. Diagnostic decision support systems: why aren't they used more and what can we do about it? 2006 Nov Presented
at: AMIA Annual Symposium Proceedings; November 11-15, 2006; Washington DC p. 1167-1168 URL: https://knowledge.
amia.org/amia-55142-a2006a-1.620145/t-003-1.622242/f-001-1.622243/a-493-1.622256/an-493-1.622257?qr=1
Kawamoto K, Lobach DF. Clinical Decision Support Provided within Physician Order Entry Systems: A Systematic Review
of Features Effective for Changing Clinician Behavior. 2003 Nov Presented at: AMIA Annual Symposium; November
8-12, 2003; Washington DC p. 361-365 URL: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1480005/
O'Sullivan D, Fraccaro P, Carson E, Weller P. Decision time for clinical decision support systems. Clin Med (Lond) 2014
Aug 06;14(4):338-341 [FREE Full text] [doi: 10.7861/clinmedicine.14-4-338] [Medline: 25099829]
Shibl R, Lawley M, Debuse J. Factors influencing decision support system acceptance. Decision Support Systems 2013
Jan;54(2):953-961. [doi: 10.1016/j.dss.2012.09.018]
Schuyler P, Hole W, Tuttle M, Sherertz D. The UMLS Metathesaurus: representing different views of biomedical concepts.
Bull Med Libr Assoc 1993 Apr;81(2):217-222 [FREE Full text] [Medline: 8472007]
Bond WF, Schwartz LM, Weaver KR, Levick D, Giuliano M, Graber ML. Differential diagnosis generators: an evaluation
of currently available computer programs. J Gen Intern Med 2012 Feb 26;27(2):213-219 [FREE Full text] [doi:
10.1007/s11606-011-1804-8] [Medline: 21789717]
Graber ML, Mathew A. Performance of a web-based clinical diagnosis support system for internists. J Gen Intern Med
2008 Jan 19;23 Suppl 1(S1):37-40 [FREE Full text] [doi: 10.1007/s11606-007-0271-8] [Medline: 18095042]
Riches N, Panagioti M, Alam R, Cheraghi-Sohi S, Campbell S, Esmail A, et al. The Effectiveness of Electronic Differential
Diagnoses (DDX) Generators: A Systematic Review and Meta-Analysis. PLoS One 2016;11(3):e0148991 [FREE Full text]
[doi: 10.1371/journal.pone.0148991] [Medline: 26954234]

Abbreviations
DDSS: diagnostic decision support system
DDX: differential diagnoses
LOINC: Logical Observation Identifiers Names and Codes
SNOMED: Systematized Nomenclature of Medicine
USMLE: United States Medical Licensing Examination

https://medinform.jmir.org/2021/11/e32507

XSL• FO
RenderX

JMIR Med Inform 2021 | vol. 9 | iss. 11 | e32507 | p. 7
(page number not for citation purposes)

JMIR MEDICAL INFORMATICS

Ben-Shabat et al

Edited by J Hefner, C Lovis; submitted 30.07.21; peer-reviewed by R De Carvalho, A Benis; comments to author 28.09.21; revised
version received 20.10.21; accepted 20.10.21; published 30.11.21
Please cite as:
Ben-Shabat N, Sloma A, Weizman T, Kiderman D, Amital H
Assessing the Performance of a New Artificial Intelligence–Driven Diagnostic Support Tool Using Medical Board Exam Simulations:
Clinical Vignette Study
JMIR Med Inform 2021;9(11):e32507
URL: https://medinform.jmir.org/2021/11/e32507
doi: 10.2196/32507
PMID: 34672262

©Niv Ben-Shabat, Ariel Sloma, Tomer Weizman, David Kiderman, Howard Amital. Originally published in JMIR Medical
Informatics (https://medinform.jmir.org), 30.11.2021. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in JMIR Medical Informatics, is properly cited. The
complete bibliographic information, a link to the original publication on https://medinform.jmir.org/, as well as this copyright
and license information must be included.

https://medinform.jmir.org/2021/11/e32507

XSL• FO
RenderX

JMIR Med Inform 2021 | vol. 9 | iss. 11 | e32507 | p. 8
(page number not for citation purposes)

