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Abstract

Background: Virtual patient simulators (VPSs) log all users' actions, thereby enabling the creation of a multidimensional
representation of students' medical knowledge. This representation can be used to create metrics providing teachers with valuable
learning information.

Objective: Theaim of this study isto describe the metrics we devel oped to analyze the clinical diagnostic reasoning of medical
students, provide examples of their application, and preliminarily validate these metrics on a class of undergraduate medical
students. The metrics are computed from the data obtained through anovel VPS embedding natural language processing techniques.

Methods: A total of 2 clinical case simulations (tests) were created to test our metrics. During each simulation, the students’
step-by-step actionswerelogged into the program database for offline analysis. The students’ performance wasdivided into seven
dimensions: the identification of relevant information inthe given clinical scenario, history taking, physical examination, medical
test ordering, diagnostic hypothesis setting, binary analysis fulfillment, and final diagnosis setting. Sensitivity (percentage of
relevant information found) and precision (percentage of correct actions performed) metrics were computed for each issue and
combined into a harmonic mean (F,), thereby obtaining a single score evaluating the students’ performance. The 7 metrics were
further grouped to reflect the students’ capability to collect and to analyze information to obtain an overall performance score.
A methodological score was computed based on the discordance between the diagnostic pathway followed by students and the
reference one previoudy defined by theteacher. Intotal, 25 students attending thefifth year of the School of Medicine at Humanitas
University underwent test 1, which simulated a patient with dyspnea. Test 2 dealt with abdominal pain and was attended by 36
students on a different day. For validation, we assessed the Spearman rank correlation between the performance on these scores
and the score obtained by each student in the hematology curricular examination.

Results: The mean overall scores were consistent between test 1 (mean 0.59, SD 0.05) and test 2 (mean 0.54, SD 0.12). For
each student, the overall performance was achieved through a different contribution in collecting and analyzing information.
Methodological scores highlighted discordances between the reference diagnostic pattern previously set by the teacher and the
one pursued by the student. No significant correlation was found between the VPS scores and hematology examination scores.

Conclusions:  Different components of the students' diagnostic process may be disentangled and quantified by appropriate
metrics applied to students’ actions recorded while addressing avirtua case. Such an approach may help teachers provide students
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with individualized feedback aimed at filling competence drawbacks and methodol ogical inconsistencies. Therewasno correlation
between the hematology curricular examination score and any of the proposed scores as these scores address different aspects of

students' medical knowledge.

(JMIR Med Educ 2022;8(1):e24372) doi: 10.2196/24372
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Introduction

Background

Virtua patient smulators (V PSs) are didactical toolsthat require
students to face a variety of clinica scenarios. Providing
students with software-based medical training that may be
integrated with in-person clinical internships can help them
develop diagnostic skills [1-8]. Furthermore, through adequate
metrics obtained from the analyses of the user’slogged actions,
VPSs may generate a multidimensional representation of the
students’ medical competence, thus providing teachers with
potentialy valuable didactical information [9-13]. VPSs may
include the use of natural language processing (NL P) techniques
to better mimic physician—patient interactions and facilitate the
use of these techniques by medical school students [13-15].

In many VPSs, metrics are set up to merely assess sectorial
aspects of the overall patient’s diagnostic management, such as
history taking [14] or clinica examination [13], whereas, in
other VPSs, crucia diagnostic activities such as conducting a
physical examination and ordering medical tests are not
considered [15]. Therefore, many VPSsand their relative metrics
aim to address specific didactical items rather than embracing
the overall clinical diagnostic approach. The latter is crucia in
undergraduate medical training as most diagnostic errors made
by junior physicians are caused by flaws in data collection or
dataintegration[15]. Thereisaneed for novel VPSsthat target
al areas of the diagnostic process while maintaining the
user-friendly features provided by NLP techniques.

In addition to VPSs, another technology that may potentially
benefit medical education istheintelligent tutoring system (ITS)
[9-13] as it provides students with ad hoc feedback on a
step-by-step basisand provides proper remediation suggestions
[16,17]. For example, the CIRCISM-Tutor [18] was created to
teach first-year medical students blood pressure regulation
concepts. The COMET agorithm [19] was applied to
problem-based learning by incorporating multimodal interfaces
with text and images. The StoichTutor [20] helped students
learn stoichiometry, although its application was mostly
restricted to high school teaching. From adidactical standpoint,
these tools proved to be effective in helping students improve
their skills by facilitating reasoning and promoting cognitive
associations during the learning process[9-13,21,22]. However,
in these cases, ITS technology was not applied to the entire
clinical case smulation.

We recently developed a VPS, Hepius, which integrates ITS
components [23] that address 2 main activities carried out by a
physician when managing a patient: data gathering and data
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analysis. NL P techniques were used to mimic physician—patient
interactions. Data gathering comprised four main components:
(1) examination of patient information (ie, the input scenario)
in a simulated electronic medical record, (2) medical history
collection, (3) physical examination, and (4) diagnostic test
order. The data analysis model entailed four main components:
(1) hypothesis generation, (2) binary anaysis, (3) pattern
analysis, and (4) fina diagnosis. Student data gathering and
analysis performance were addressed and quantified by setting
appropriate metrics and general learning analytics.
Objective

In this study, we describe the learning analytics obtained by
tracking medical students execution of 2 virtual patient
simulations using Hepius. In particular, the results obtained
from a group of fifth-year students attending the Humanitas
University Medical School are presented and discussed in
relation to their potential learning implications. Learning
analytics obtained from the first simulation test are aso
preliminarily confronted with the scores obtained by the medical
students on their hematology final examination.

Methods

Ethics Approval

In keeping with our Internal Review Board policy at Comitato
Etico Indipendente IRCCS- Itituto Clinico Humanitas no ethics
approval was applied for because thisis a pedagogical research
study, not aclinical study. Datawere properly anonymized and
informed consent was obtained from all participants at thetime
of original data collection. Finally, the study does not involve
any potentia risk of damage to the participants and is not
associated with any side effect. A ssimplewritten communication
was sent to the Internal Review Board, as requested.

Diagnostic Process Simulator Components

This section provides asynthetic description of the main features
underlying Hepius's diagnostic model, which is necessary for
the full comprehension of the learning analytics. A detailed
description of the program is provided elsewhere [23].

Input Scenario

The student isprovided with abrief text describing the patient’s
current complaint. In this phase, the student is expected to
identify the relevant diagnostic factors contained in the text. A
diagnostic factor is a piece of defined clinical information that
may help reach a diagnosis (eg, the patient has a fever or
Blumberg sign is positive).
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Medical History Collection

The student must collect further diagnostic factors by
formulating questions asthough interviewing areal patient. The
Hepius NLP algorithm pipeline examines the input question
and searches for matching answers (if any) in the question set
prepared by the smulation author (ie, the teacher). If a match
is found, the program displays the simulation question aong
with the corresponding answer. For example, if the student were
to type Do you have shortness of breath? in the free-text dialog
box, the NLP pipeline would look for a matching question in
the simulated case database (eg, Do you have dyspnea?) and
automatically provide the corresponding answer (eg, Yes, |
have). This advanced NLP agorithm takes advantage of a
previous NLP agorithm developed by our group to
automatically identify patients with syncope from an
administrative database [24].

Physical Examination

The student is requested to understand which physica
examinations are relevant for that specific clinical case. The
student has the possibility to either select from a drop-down
menu or typein appropriate physical examinationsin afree-text
dialog box. Therelevant examinationsthat should be performed
have been previously determined by the simulation author. All
relevant and irrelevant actions performed by the students can
be tracked and measured.

Medical Test Request

The student may choose to order a diagnostic test. The task of
requesting atest is performed in the same manner asthe physical
examinations. A test request is considered correct only if deemed
relevant by the simulation author. When correct, the results of
the test are provided.

Diagnostic Hypothesis

On the basis of the information collected during the previous
phases, the student is expected to formulate 1 or multiple
diagnostic hypotheses. Thisis done by inserting the hypothesis
in natural language into a free-text dialog box. The NLP
component of Hepius is responsible for matching the
hypothesized diagnosis with the one selected by the simulation
author as the most relevant hypothesis. This NLP component
matchesthe student’ s description with the standard Systematized
Nomenclature of Medicine—Clinical Terms (SNOMED-CT)
description [25] that is saved in the simulation database. If the
hypothesis formulated by the student exists in the list of
reasonable diagnostic hypotheses set by the author, positive
feedback is given, and the diagnostic hypothesis appearsin the
binary analysis.

Binary Analysis

The student is required to make correlations between all the
identified diagnostic factors and the diagnostic hypotheses to
improve the capability to analyze the gathered information and
form connections. For each pair of diagnostic factor—diagnostic
hypothesis relations, the student must decide whether asingle
diagnostic factor increases, decreases, or neither increases nor
decreases (ig, it is neutral) the probability of that diagnostic
hypothesis. The binary analysisisasimplified form of the script
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concordance test (SCT) with a Likert scale of only 3 values
(1,0, and —-1) rather than the standard 5 values, called “anchor
descriptors’” [26]. Indeed, in the binary analysis, increase,
decrease, and neutral act as anchor descriptors in a classical
SCT [26,27]. For example, the student is expected to set the
binary analysis between the diagnostic factor Body temperature
is 38 °C and the diagnostic hypothesis Pneumonia as | (ie,
increase). Any other input would be considered a mistake.

Importantly, one of the key differences between classical SCT
and Hepius's binary analysis is that diagnostic factors and
diagnostic hypotheses are not provided a priori but, instead,
must be formulated by the students. This requires an active
reflective process by the learner, which has an inherent
educational value. A more detailed discussion of the differences
between these 2 educational tools can be found in Multimedia
Appendix 1[23,26,28-32].

Pattern Analysis

In this section, agraph isautomatically created to represent the
binary analysis. The graph shows the diagnostic factor and
diagnostic hypothesis nodes. An edge is created whenever the
diagnostic factor and diagnostic hypothesisareincrease-related
or decrease-related according to the binary analysis. The graph
is automatically converted into a cognitive fuzzy map [28,33]
that displays an associated numerical weight for each node and
edge. The student can modify the weight of diagnostic
factor—diagnostic hypothesis edges according to their estimated
importance of a specific diagnostic factor supporting the
likelihood of a certain disease. The effect of such an action is
visualized as a corresponding increase or decrease in the
dimension of the diagnostic hypothesis node (Multimedia
Appendix 1). This provides the student with immediate
feedback.

Final Diagnosis
In this final step, the student must choose the final diagnosis

among the list of diagnostic hypotheses; namely, the one
characterized by the greatest probability of being correct.

L earning Analytics With Hepius

Learning analytics are used to improve and gain insights into
learning processes by collecting, analyzing, and interpreting
student-generated data [34]. Whenever a student performs an
action with Hepius, the action islogged in the program database.
Asthe simulation author (ie, the teacher) has explicitly specified
what isthe correct action, it is possible through analysis of the
simulation execution logsto construct adetailed representation
of the student’s performance.

From this detail ed representation, we computed synthetic metrics
that provide remedial insights into the students' current
capability to apply their competencies. By remedial, we mean
that the insights may be used by the student, teacher, or other
stakehol ders to improve learning and teaching processes.

Test Descriptions

We conducted 2 clinical case simulations (tests) with Hepius
to set our metrics. Test 1 (April 12, 2018) included 25 students
participating in the Patient Management course (fifth year of
the School of Medicine) at Humanitas University. The students
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performed a simulation on a virtual patient whose chief
complaint was dyspnea, and the correct final diagnosis was
pleural effusion secondary to Hodgkin lymphoma. Test 2 (May
21, 2018) included 36 students of the same course who
performed a simulation on a patient who presented with
abdominal pain, and thefinal diagnosiswas acute cholecystitis.

All participantswere familiar with the use of the program, were
instructed to work independently, and had no timelimit. In both
tests, al actions performed were logged and subsequently
analyzed.

Learning Metrics

Overall, the students’ performance was split into seven sections,
which included: (1) the identification of relevant information

Table 1. Section metric description.

Furlan et d

within the given clinical scenario, (2) history taking (ie,
anamnesis), (3) performing aphysical examination, (4) ordering
medical tests, (5) formulating diagnostic hypotheses, (6)
completing a binary analysis by matching the clinical data
obtained throughout the simulation with the differential
diagnosis, and (7) making the final diagnosis. For each section,
we computed a sensitivity metric (ie, how much of the relevant
information contained in each section the student was able to
find) and a precision metric (ie, how many actions performed
by the student were considered correct). These 2 components
were combined with a harmonic mean (F,), yielding a single
score between 0 and 1 (1=perfect sensitivity and precision).
This score was used as an index of the student’s performance
for each section (Table 1).

Precision metric

Section metric description

Section Sensitivity metric

Input scenario Percentage of DFs? identified out of all
the DFs present in the input scenario

Anamnesis Percentage of relevant anamnestic ques-

Physical examination

Medical test

DHP

BAC

Final diagnosis

tions identified out of all the relevant
anamnestic questions present in the simu-
lation

Percentage of relevant physical examina-
tions performed out of all the relevant
physical examinations present in the sim-
ulation

Percentage of relevant medical tests re-
quested out of al the relevant medical
tests present in the simulation

Percentage of reasonable DHs identified
out of all the reasonable DHSs present in
the simulation

Percentage of BA mappings correctly ex-
ecuted on the first attempt out of the total
number of BA mappings present in the
simulation

Percentage of correct diagnosesidentified
by the student out of the total number of
correct diagnoses present in the simulation

Percentage of DFsidentified in the text
out of al the text selections performed
by the student

Percentage of relevant anamnestic ques-
tions out of al the questions asked by
the student

Percentage of relevant physical examina-
tions performed out of all the physical
examinations performed by the student

Percentage of relevant medical testsre-
quested out of all the medical testsre-
quested by the student

Percentage of reasonable DHsidentified
out of al the DHs formulated by the
student

Percentage of BA mappings correctly
executed on thefirst attempt out of the
total number of BA mappings executed
by the student

Percentage of correct diagnoses identi-

fied by the student out of the total num-
ber of diagnoses (correct and incorrect)
formulated by the student

Performancein identifying DFs present
in the input scenario without selecting
nonrelevant text

Performance in asking all the relevant
questions without asking superfluous
questions

Performance in carrying out all the
relevant physical examinationswithout
carrying out superfluous physical exam-
inations

Performance in requesting all the rele-
vant medical tests without asking for
superfluous medical tests

Performance in identifying all the rea-
sonable DHswithout formulating inap-
propriate DHs

Performance in identifying the correct
DF-DH relationships (increase, neutral,
and decrease) on the first attempt

Performance in identifying the correct
final diagnoses

@DF: diagnostic factor.

bDH: diagnostic hypothesis.

°BA: binary analysis.

By combining the 7 F; metric scores, we obtained a single
number that was used as the student’s overall score and
compared it with the average class performance.

In addition, the 7 metrics were divided into two groups: one
representing the capability to collect information (items 1, 2, 3,
and 4) and the other representing the capability to analyze it
(items5, 6, and 7). The choice of devel oping an accuracy-based
metric to assess performance in clinical data gathering rather
than simply increasing a cumulative score whenever new
information was obtained stemmed from the vast literature
supporting the concept that good diagnosticians perform focused
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data gathering, primarily according to “illness scripts’ [35-39].
In other words, this metric aims to measure quality rather than
guantity of the collected clinical data.

In addition, for every simulation, the results were depicted on
aradar chart. This provided a synthetic view of single student
and mean class performancein each of the exercises. Individual
radar charts can be superimposed and therefore compared with
those achieved by the class.

Invirtual patient simulations such asin real-life clinical cases,
the proper sequence of diagnostic actions is often crucial for
proper diagnosis [40]. In Hepius, these actions are defined as
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critical diagnostic acts and, when performed according to the
expected execution order, they constitute the desired execution
path. Thus, it is possible not only to analyze whether all crucial
diagnostic acts were performed but aso if their order was in
keeping with the desired execution path. Thisis synthesized by
an additional metric, the methodological score, which evaluates
the overall diagnostic process [41-43].

To compute the methodological score, the sequence of crucia
diagnostic acts performed by astudent is converted into astring
where each character represents a specific smulation section.
The string is then simplified by removing the repetitions of
contiguous identical characters. Hence, if the student first
identifies 3 scenario factors, then asks 2 anamnestic questions,
and, finally, executes 2 physical examinations, this would be
initially converted into the string sssaapp. In such a string, s
stands for scenario, a for anamnesis, and p for physical
examination. This string would be further smplified into sap.

Let bethe string associated with a specific simulation instance
as described in the previous paragraph. We first compute the
following 5 parameters: [p,] is the Levenshtein similarity [44]
between the string consisting of the first 3 characters of and
the reference string sap as we have assumed that the expected
path in collecting clinical datais going from the input scenario
to the history taking and then to the physical examination
[45,46]. [p,] is the Levenshtein similarity between the string
consisting of the last 2 charactersof and the reference string
br. b stands for binary analysis and r stands for result or final
diagnosis selection. Thisis done because the expected last steps
in a simulated case should be to analyze the collected clinical
data to select the diagnostic hypothesis deemed to be correct
according to the hypotheticodeductive model [47,48]. [p4] isa
parameter whose value is 1 if the first occurrence of h
(hypothesis generation) precedes the first occurrence of m
(medical test); otherwise, it is 0. Indeed, we assumed that
medical tests should only be requested after at least one
diagnostic hypothesisis formulated [49], also according to the
choosing wisely campaign [50]. [p,] isthe percentage of sections
present in out of the 7 possible sections. Hence, for instance,
if d= sapr, then this parameter is4/7. Thisisto ensure that the

Furlan et d

student makes a comprehensive assessment of the simulated
patient without missing any sections of the case. [ps] is the
parameter 1/(1 + R), where Ris the number of repetitionsin .
This is to favor a linear approach to the case over a repeated
back-and-forth movement throughout the sections as it may
occur with less proficient diagnosticians[35,36] possibly prone
to premature closure [51,52].

These 5 parameters are then combined into a single score by
computing the Euclidean norm of the vector whose dimensions
arethe 5 parameters:

‘/(P12 + pz2 + p32 + P42 + psz)-
Metric Validation

Our proposed metrics were preliminarily validated using test 1
results. As the simulated clinical case in test 1 was about
Hodgkin lymphoma, to validate our new metrics, we compared
theresultswith the current reference standard to assess students
knowledge in hematology at our university, that is, the
hematology curricular examination. This examination consists
of a multiple-choice question test on hematologic disease
epidemiology, risk factors, clinical presentation, and diagnosis.
The score ranges from 0 to 33.

For validation, we compared the overall, collection, analytical,
and methodological scores with the hematology examination
score using the Spearman rank correlation test.

Results

Overview

The average class performance was dightly greater for test 1
(mean 0.59, SD 0.05) than for test 2 (mean 0.54, SD 0.12), with
alarger scoredispersion during test 2 as suggested by the greater
SD. Figure 1 shows the class performance as assessed by the
overall score distribution obtained during tests 1 and 2. The
overall scores were not normally distributed, as evidenced by
the left-skewed bars. This suggests that a minority of students
performed worse than the class average, particularly during test
2.

Figure 1. Classoverall performance scores during tests 1 and 2 as shown by histogram bar distribution. During test 2, the presence of bars on the left
side points to the existence of students characterized by aweaker overall performance compared with the rest of the class. The range of each bar is0.05.
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By grouping the 7 metrics into 2 knowledge domains (ie, data
collection and data analysis; Figure 2), we could gain further
insights into the students expertise. Note the different
dispersionsof single scores during the 2 tests. The greater cluster
of single scores during test 1 pointsto amore homogenous class
performance. In addition, if only the overall performance scores
were considered, students 202025 and 202041 (see arrows), for
example, would appear to be at the same performance level.
However, in their case, the identical overall scores (0.63) were

Furlan et d

reached in adifferent manner: student 202041 performed worse
on the data collection exercise (collection rank 12 and analysis
rank 5), whereas student 202025 performed poorly on the data
analysis exercise (collection rank 3 and analysis rank 11).

Further analysis of student performance may be obtained using
radar charts, as shown in Figure 3. In every diagram, the scores
obtained in each of the 7 simulation sections can be summarized
and compared with the performance of other students to detect
the topics in which the student needs improvement.

Figure 2. Relationship between collection and analytical scores during test 1 (April 12) and test 2 (May 21). Each dot represents the performance of a
single student. Theideal (maximal) performance score correspondsto 1.0. The dashed line indicates the median of the overall scores of the class. Note
that students 202025 and 202041 (arrows) reached asimilar overall score (0.63) in different ways. Student 202041 performed worsein the data collection
exercise (collection rank 12 and analysis rank 5), whereas student 202025 performed poorly in the data analysis exercise (collection rank 3 and analysis

rank 11) compared with the class results.
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Figure 3. Radar graphs of the top- and bottom-performing students and average class results in each exercise section during test 1. Graphs enabled the
comparison between the scores of the different exercise sections of the simulation as obtained by the top (continuous line) and bottom (long dashed line
and grey area) performers and by the class (short dashed line). Note that the top-performing student scored consistently better than the average of the
classon all tasks except the history-taking exercise. In contrast, the bottom performer scored lessin every exercise except the anamnesis. The 2 students
could be given individualized advice by teachers to overcome each specific weakness. The resultsrefer to test 2. AN: anamnesis, BA: binary analysis;
HY: hypothesis generation; MT: medical tests; PE: physical examination; RS: results; SC: scenario.
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Note that the top-performing student scored consistently better
than the class average in all tasks except in the history-taking
section. Conversely, the bottom performer reached the class
average level only in the identification of relevant information
within the given clinical scenario task (ie, interpretation of the
input scenario).

Figure 4 provides insights on the students’ skills in clinical
methodology. The methodological score obtained by each
student during tests 1 and 2 was plotted in relation to the overall
score. The arrow indicates the student who scored poorly during
test 2 asfar asthe clinical methodology was concerned despite
an acceptable overall score.

Furlan et d

Figure 5 displays the sequences of the crucial diagnostic acts
that were performed by the students during thetest 2 simulation
and the number and percentage of users who performed each
seguence. The 5 crucial diagnostic actsfor test 2 were analysis
of the input scenario (S), palpation of the abdomen (P), search
for the Murphy sign (M), request for an abdominal ultrasound
(U), and selection of the correct final diagnosis (D). Of the 36
students, only 3 (8%; SPUD) executed all 3 crucial diagnostic
actsin the expected order, whereas 16 (44%) reached the correct
final diagnosis without performing a physical examination.

Figure 4. Relationship between individual overall scores and corresponding methodological scores obtained during test 2. The arrow indicates the
students who scored weakly as far as the clinical methodology is concerned, athough the overall score was acceptable. Therefore, this student is
specifically lacking in their way of addressing that diagnosis and needs ad hoc teacher’s advice.
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Figure5. Critical diagnostic acts and expected execution path during test 2. The most likely diagnosisin that simulation was cholecystitis, and the key
actions the user was expected to perform from the start (S) were previously set to be (1) palpation of the abdomen (right upper quadrant; P), (2) check
for the Murphy sign (M), (3) request for abdomen ultrasonography (U), and (4) final diagnosis (D), corresponding to the PMUD pathway (thin yellow
arrow). Each arrow represents a different execution flow. The width of the arrow is proportional to the number of students who followed that flow. Note
that, of the 36 students, only 3 (8%) executed all 3 crucia diagnostic acts in the expected order, whereas 16 (44%) reached the correct fina diagnosis

without performing a physical exam, and 8 (22%) gave priority to abdomen sonography.
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Metric Validation

Of the 25 students who took test 1, 20 (80%) disclosed their
hematology examination scores. Of those 20 students, 1 (5%)

Furlan et d

scored 25, 6 (30%) scored 29, and the remaining 13 (65%)
scored 33. As reported in Table 2, there was no correlation
between the hematology examination score and each of the
Hepius metric scores.

Table 2. Results of the Spearman rank correlation test between the hematology examination score and the 4 main Hepius metrics.

Metric Correlation index P value
Overdll score 0.2867 22
Collection score 0.2786 .23
Analytical score -0.0404 .87
Methodological score 0.0836 .73

Discussion

Principal Findings

In this paper, we describe the learning analytics obtained using
the VPS Hepius [23] by analyzing the results of 2 tests
performed by fifth-year students of the International Medical
School at Humanitas University. In addition, learning analytics
were preliminarily validated by comparing them with the
hematology curricular examination score during test 1.

Learning analytics may provide teachers with valuable
information on students medical expertise and diagnhostic
reasoning skills. However, remediable should be the desired
key feature of an education performance metric, in the specific
sense of being suitable for remedial actions. Not all metrics
have this characteristic, and most are designed only for
evaluative purposes. For instance, the examination score is a
global indicator of competence in a specific area and provides
limited direct hints on what the student should focus on to
improve competence. Evaluation, rather than remediation, is
the primary goal of an ordinary examination score [53-56]. In
contrast, the main metrics presented here (ie, overall score,
collection score, analytical score, and methodological score)
were developed primarily to provide educators with clues on
student-centered remedial actions.

In this study, we first set basic statistical metrics to assess
students' performance on single sections of the simulations. By
combining these metrics, a convenient index (ie, the overall
score) was computed featuring the students’ global performance.
In addition, relative graphs were drawn to synthesize the main
results.

Much information is provided by such an analysis (Figure 1)
and can be grouped as follows: (1) in-class information; for
example, the |eft-sided bars in Figure 1—the test 2 histograms
suggest that there are students who performed worse than most
of the class; from an educational standpoint, this subgroup of
students may be the target of specific teaching actions aimed
at diding themto theright side of the graph—and (2) cross-class
information (eg, a comparison between the same classes of
different academic years), which may provide teachers with
information concerning their overall teaching performance over
time.

Another valuable issue is the possibility of comparing student
and class performances using the radar chart. This summarizes
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the single scores obtained during the different exercises of the
simulation. Radar charts can be drawn for a single student or
the entire class performance. In Figure 3, the top-performing
student scored better than the rest of the classin all exercises
but 1 (ie, history taking). This may reflect an overconfident
behavior of the smart student who, having intuitively interpreted
the clinical case using little information, did not deepen into
the history taking, thuslosing important information and falling
into what is caled an “early closure mistake” [57]. From a
didactical point of view, each result obtained from simulations
may provide specific insights on the overall class competence
level and on specific features of each student’s knowledge at
the sametime.

The overall score may provide information on the capability of
the student to accurately analyzethe clinical case. If appropriate
strategies were used to avoid laziness and strict time bounds
were preset, we might expect the overall score to be a proxy
measure of the examination score asfar astherelated topicsare
concerned, although the results of this study do not support such
ahypothesis.

However, the overall score would not be expected to be
particularly useful as a remedial tool. Conversely, by making
correlations between the 2 components of the overall score (ie,
the dataanalysis and data collection scores), important operative
information on students’ diagnostic process could be obtained.
For example, it is possible to assess the rel ative contribution of
data analysis or data collection scores to the individual overall
score, potentially giving the student specific adviceto overcome
any weakness. |n addition, students who have an unsatisfactory
analytical score should focus their attention on learning the
specific UpToDate [58] documents automatically suggested by
the Hepius Learner Model or enhancing their expertise in
specific diseasesthrough medical literaturerevision. In contrast,
those with unsatisfactory data collection scores should exercise
more with Hepiusclinical casesor by directly interviewing real
patients. Notably, such a hypothesis has not yet been validated
and requires an ad hoc study.

The methodological score we propose aims to estimate the
extent to which a student follows an adequate and realistic
diagnostic process. Wetrust in clinical methodology and believe
that its main principles must be learned by medical students
[41-43] despite the recent widespread attitude in favor of using
technologiesfor diagnostic purposes. A proper methodol ogical
approach to patients, both diagnostic and therapeutic and
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possibly evidence-based, may optimize diagnosis [59] and
therapy [60] while diminishing the side effects [61,62].
Moreover, such a choosing wisely approach may eventually
affect health care costs by remarkably reducing unnecessary
tests, examinations, and treatments [63-66]. In a simulation of
acute cholecydtitis, by identifying the diagnostic actions
performed and tracking the sequence of their execution, the use
of Hepius revealed that, in the process of reaching the final
diagnosis, >40% of the students (16/36, 44%) skipped the
abdominal physical examination, and 22% (8/36) went straight
to perform an abdominal ultrasound (Figure 4). There are 2
possible explanations for this finding. It might be because the
students were dealing with a virtual simulation rather than a
real patient on whom they would actually perform a complete
abdominal physical examination. Alternatively, this finding
may mirror students overdependency on medical tests as a
result of low confidencein their diagnostic self-capabilities. In
both cases, animportant educational challengeisposed requiring
both recognition and properly targeted teaching action. An
exampl e of thelatter would be ateacher referring astudent with
an insufficient methodological score to appropriate guidelines
or flowcharts addressing the specific management of the disease
or disorder.

In keeping with these considerations, we also sought to assess
the magnitude of the methodological component within the
individual student overall score by initially setting the 2 scores
and then plotting the methodological score versus the overall
score. As shown in Figure 4, some students performed quite
poorly in clinical methodology [67] despite an acceptable overall
score. Infact, their overall scoreswere closeto the classaverage.
Therefore, such an approach enabled usto identify studentswho
could have taken learning advantages if promptly referred by
the program or the teacher to an adequate UpToDate chapter or
disease management guidelines.

Addressing cognitive processes using simulators is a daunting
task that has been automatically approached in different ways.
For example, Hege et a [68] used a VPS combined with a
concept mapping tool to assess a number of actions performed
by students, including problem identification, differential
diagnosis setting, test requests, treatment options, and
connections made. Similarly, Hepius can track the interactions
between students and the simulator and synthesize them in a
fuzzy cognitive map. Unlike the tool used by Hege et al [68],
Hepius may identify the crucial diagnostic acts and their
execution order without focusing on the diagnostic accuracy,
defined as the capability to reach a correct final diagnosis on
the first attempt [67]. We assumed a priori that, for every
symptom, there was a set of fundamental actions that a student
should take to reach a proper diagnosis. Importantly, the right
order of actions was aso essential as it may simplify the
diagnostic pathway without the need for unnecessary tests
[63,64]. Finally, we hypothesized that identifying these actions
and their execution order within the simulation could be used
as a proxy, possibly reflecting the students’ overall cognitive
process and methodological skills. Although all students (36/36,
100%) could reach a correct final diagnosis, our data suggest
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that only 8% (3/36) of them followed the desired sequence (the
SPMUD path in Figure 5), which was assumed to be
methodologically correct, whereas the rest adopted 5 different
approaches. Through our simulator, we were able to identify
students who omitted critical actions, indicating flaws in their
methodological approach toward the patient that could
potentially be amended through remediation actions such as
learning specific management pathway guidelines.

When comparing overall, collection, analytical, and
methodological scores with the students hematology
examination scores, we found no statistically significant
correlation. However, thiswas expected asthe scores addressed
different skills [53]. The multiple-choice question examination
evaluated global and in-depth competence regarding diseases.
The VPS scores aimed to assess the students’ ability to collect
clinically relevant information (ie, collection score), formulate
a differential diagnosisfrom scratch, make proper connections
between the diagnostic hypothesis and collected clinical
information (ie, analytical score), and solve the clinical case
using aproper clinical methodology (ie, methodol ogical score).
Furthermore, it should be noted that the hematol ogy examination
scores were quite homogenous as 65% (13/20) of the students
scored 33 out of 33 and 95% (19/20) scored >29. Although this
may reflect ahomogeneous education level of the class, it may
also indicate apotential limitation of that evaluation method in
properly grasping the wide variability of medical students
preparation [54-56].

Indeed, although multiple-choice question tests currently
represent the mainstay of medical student evaluation, many
have highlighted the weaknesses of such an evaluation tool
[69,70].

Limitations

These results were obtained using 2 tests and a limited number
of participants. This dampensthe generalizability of the results
on Hepius s effectiveness asatool for the eval uation of medical
students’ diagnostic skills. In addition, our proposed learning
analytics should undergo a more robust validation, possibly
through psychometric methodology [29]; however, this would
require alarger student population. The psychometric features
characterizing the learning analytics proposed in this study are
highlighted and discussed in Multimedia Appendix 1.

Conclusions

The use of Hepius by fifth-year medical students enabled usto
obtain valuable educational information that was organized
according to the proposed learning analytics. Insights obtained
using learning analytics might better guide the teacher's
feedback aimed at filling students gaps in both medical
knowledge and diagnostic methodology. It is important to
highlight that Hepius learning analytics might also be used in
different postgraduate settings, such asfor the yearly assessment
of residents’ clinical training and general practitioner preparation
within the continuing medical education context.

Ad hoc future studies are required to fully validate our proposed
learning analytics.

JMIR Med Educ 2022 | vol. 8| iss. 1| e24372 | p. 9
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL EDUCATION Furlan et al

Acknowledgments

Theauthorsthank Giorgio Ferrari (Humanitas University Chief Executive Officer), Luciano Ravera(Humanitas Research Hospital
Chief Executive Officer), and Fabrizio Renzi (IBM Italy Director of Technology and Innovation) for their initial and continuous
support. Key stakeholders: Alessandra Orlandi (Humanitas Chief Innovation Officer), Victor Saveski (Humanitas Chief Innovation
Officer Group), Va erialngrosso (Humanitas Project Manager), and Giovanna Camorali (IBM Business Development Executive).
Development team: Luca Vinciotti (IBM Italy, database architect), Michele Savoldelli (IBM Italy, back-end architect), Jacopo
Balocco (IBM lItaly, learner model developer), and Valerio Chieppa (IBM ltaly, pattern analysis developer).

Conflictsof I nterest
None declared.

Multimedia Appendix 1

Hepius learner analytics psychometric features.
[DOCX File, 19 KB-Multimedia Appendix 1]

References

1.  McGaghieWC, Issenberg SB, Cohen ER, Barsuk JH, Wayne DB. Does simul ation-based medical education with deliberate
practice yield better results than traditional clinical education? A meta-analytic comparative review of the evidence. Acad
Med 2011 Jun;86(6):706-711 [FREE Full text] [doi: 10.1097/ACM.0b013e318217e119] [Medline: 21512370]

2. Issenberg B, Gordon MS, Gordon DL, Safford RE, Hart IR. Simulation and new learning technologies. Med Teach 2001
Jan;23(1):16-23. [doi: 10.1080/01421590020007324] [Medline: 11260734]

3. Issenberg SB, McGaghie WC, Hart IR, Mayer JW, Felner IM, Petrusa ER, et a. Simulation technology for health care
professional skillstraining and assessment. JAMA 1999 Sep 01,;282(9):861-866. [doi: 10.1001/jama.282.9.861] [Medline:
10478693]

4.  Ziv A, Wolpe PR, Small SD, Glick S. Simulation-based medical education. Acad Med 2003;78(8):783-788. [doi:
10.1097/00001888-200308000-00006]

5. Weller IM. Simulation in undergraduate medical education: bridging the gap between theory and practice. Med Educ 2004
Jan;38(1):32-38. [doi: 10.1111/].1365-2923.2004.01739.x] [Medline: 14962024]

6. Cook D, TriolaMM. Virtual patients: acritical literature review and proposed next steps. Med Educ 2009 Apr;43(4):303-311.
[doi: 10.1111/j.1365-2923.2008.03286.x] [Medline: 19335571]

7. Paranjape K, Schinkel M, Nannan Panday R, Car J, Nanayakkara P. Introducing artificial intelligence training in medical
education. IMIR Med Educ 2019 Dec 03;5(2):€16048 [ FREE Full text] [doi: 10.2196/16048] [Medline: 31793895]

8. Sapci AH, Sapci HA. Artificial intelligence education and tools for medical and health informatics students: systematic
review. IMIR Med Educ 2020 Jun 30;6(1):€19285 [FREE Full text] [doi: 10.2196/19285] [Medline: 32602844]

9. Zary N, Johnson G, Boberg J, Fors UG. Development, implementation and pilot eval uation of aweb-based Virtual Patient
Case Simulation environment--Web-SP. BMC Med Educ 2006 Feb 21;6:10 [FREE Full text] [doi: 10.1186/1472-6920-6-10]
[Medline: 16504041]

10. Isaza-Restrepo A, Gomez MT, CifuentesG, Argiello A. Thevirtua patient asalearning tool: amixed quantitative qualitative
study. BMC Med Educ 2018 Dec 06;18(1):297 [FREE Full text] [doi: 10.1186/s12909-018-1395-8] [Medline: 30522478]

11. Kleinert R, Heiermann N, Plum PS, Wahba R, Chang D, Maus M, et al. Web-based immersive virtual patient simulators:
positive effect on clinical reasoning in medical education. JMed Internet Res 2015 Nov 17;17(11):€263 [FREE Full text]
[doi: 10.2196/jmir.5035] [Medline: 26577020]

12. Kleinert R, Plum P, Heiermann N, Wahba R, Chang D, Holscher AH, et al. Embedding avirtual patient simulator in an
interactive surgical lecture. J Surg Educ 2016;73(3):433-441. [doi: 10.1016/j.jsurg.2015.11.006] [Medline: 26705061]

13. Oliven A, NaveR, Gilad D, Barch A. Implementation of aweb-based interactive virtual patient case simulation asatraining
and assessment tool for medical students. Stud Health Technol Inform 2011;169:233-237. [Medline: 21893748]

14. Setrakian J, Gauthier G, Bergeron L, Chamberland M, St-Onge C. Comparison of assessment by avirtual patient and by
clinician-educators of medical students' history-taking skills: exploratory descriptive study. IMIR Med Educ 2020 Mar
12;6(1):€14428 [FREE Full text] [doi: 10.2196/14428] [Medline: 32163036]

15. Afza S. Al medical school tutor: modelling and implementation. In: Artificial Intelligence in Medicine. Cham: Springer;
2020.

16. AUG repository. Meshkah. URL: http://dstore.alazhar.edu.ps/xmliui/ [accessed 2022-01-18]

17. EssaA. A possible future for next generation adaptive learning systems. Smart Learn Environ 2016 Nov 14;3(1). [doi:
10.1186/s40561-016-0038-y]

18. CIRCSIM-tutor project. CIRCSIM. URL: http://www.cs.iit.edu/~circsim/ [accessed 2022-01-19]

19. Suebnukarn S, Haddawy P. A collaborativeintelligent tutoring system for medical problem-based learning. In: Proceedings
of the 9th international conference on Intelligent user interfaces. 2004 Presented at: Ul '04: Proceedings of the 9th

https://mededu.jmir.org/2022/1/e24372 JMIR Med Educ 2022 | vol. 8| iss. 1| e24372 | p. 10
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=mededu_v8i1e24372_app1.docx&filename=f08fb62f83a789257976ec5848af3a83.docx
https://jmir.org/api/download?alt_name=mededu_v8i1e24372_app1.docx&filename=f08fb62f83a789257976ec5848af3a83.docx
http://europepmc.org/abstract/MED/21512370
http://dx.doi.org/10.1097/ACM.0b013e318217e119
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21512370&dopt=Abstract
http://dx.doi.org/10.1080/01421590020007324
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11260734&dopt=Abstract
http://dx.doi.org/10.1001/jama.282.9.861
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10478693&dopt=Abstract
http://dx.doi.org/10.1097/00001888-200308000-00006
http://dx.doi.org/10.1111/j.1365-2923.2004.01739.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14962024&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2923.2008.03286.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19335571&dopt=Abstract
https://mededu.jmir.org/2019/2/e16048/
http://dx.doi.org/10.2196/16048
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31793895&dopt=Abstract
https://mededu.jmir.org/2020/1/e19285/
http://dx.doi.org/10.2196/19285
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32602844&dopt=Abstract
https://bmcmededuc.biomedcentral.com/articles/10.1186/1472-6920-6-10
http://dx.doi.org/10.1186/1472-6920-6-10
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16504041&dopt=Abstract
https://bmcmededuc.biomedcentral.com/articles/10.1186/s12909-018-1395-8
http://dx.doi.org/10.1186/s12909-018-1395-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30522478&dopt=Abstract
https://www.jmir.org/2015/11/e263/
http://dx.doi.org/10.2196/jmir.5035
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26577020&dopt=Abstract
http://dx.doi.org/10.1016/j.jsurg.2015.11.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26705061&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21893748&dopt=Abstract
https://mededu.jmir.org/2020/1/e14428/
http://dx.doi.org/10.2196/14428
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32163036&dopt=Abstract
http://dstore.alazhar.edu.ps/xmlui/
http://dx.doi.org/10.1186/s40561-016-0038-y
http://www.cs.iit.edu/~circsim/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL EDUCATION Furlan et al

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

international conference on Intelligent user interfaces; Jan 13 - 16, 2004; Funchal, Madeira Portugal. [doi:
10.1145/964442.964447]

McLaren B, Lim SJ, Gagnon F, Yaron D, Koedinger KR. Studying the effects of personalized language and worked examples
in the context of aweb-based intelligent tutor. In: Intelligent Tutoring Systems. Berlin, Heidelberg: Springer; 2006.
Mousavinasab E, Zarifsanaiey N, R. Niakan Kalhori S, Rakhshan M, Keikhal, Ghazi Saeedi M. Intelligent tutoring systems:
asystematic review of characteristics, applications, and evaluation methods. Interactive Learn Environ 2018 Dec
18;29(1):142-163. [doi: 10.1080/10494820.2018.1558257]

Kulik JA, Fletcher JD. Effectiveness of intelligent tutoring systems: a meta-analytic review. Rev Educ Res 2016 Mar
01;86(1):42-78. [doi: 10.3102/0034654315581420]

Furlan R, Gatti M, Mene R, Shiffer D, Marchiori C, Gigj LevraA, et a. A natural language processing-based virtual patient
simulator and intelligent tutoring system for the clinical diagnostic process: simulator devel opment and case study. IMIR
Med Inform 2021 Apr 09;9(4):€24073 [FREE Full text] [doi: 10.2196/24073] [Medline: 33720840]

Dipaola F, Gatti M, Pacetti V, Bottaccioli AG, Shiffer D, Minonzio M, et a. Artificia intelligence algorithms and natural
language processing for the recognition of syncope patients on emergency department medical records. J Clin Med 2019
Oct 14;8(10):1677 [FREE Full text] [doi: 10.3390/jcm8101677] [Medline: 31614982]

Bodenreider O, Cornet R, Vreeman D. Recent developmentsin clinical terminologies- SNOMED CT, LOINC, and RxNorm.
Yearb Med Inform 2018 Aug;27(1):129-139 [FREE Full text] [doi: 10.1055/s-0038-1667077] [Medline: 30157516]
Fournier JP, Demeester A, Charlin B. Script concordance tests: guidelines for construction. BMC Med Inform Decis Mak
2008 May 06;8:18 [FREE Full text] [doi: 10.1186/1472-6947-8-18] [Medline: 18460199]

Charlin B, Roy L, Brailovsky C, Goulet F, van der Vleuten C. The Script Concordance test: atool to assess the reflective
clinician. Teach Learn Med 2000;12(4):189-195. [doi: 10.1207/S15328015TLM 1204 5] [Medline: 11273368]

Pierce C, Corra J, Aagaard E, Harnke B, Irby DM, Stickrath C. A BEME realist synthesis review of the effectiveness of
teaching strategies used in the clinical setting on the development of clinical skills among health professionals: BEME
Guide No. 61. Med Teach 2020 Jun;42(6):604-615. [doi: 10.1080/0142159X.2019.1708294] [Medline: 31961206]

Cook DA, Beckman TJ. Current concepts in validity and reliability for psychometric instruments: theory and application.
Am JMed 2006 Feb;119(2):166.€7-166.16. [doi: 10.1016/j.amjmed.2005.10.036] [Medline: 16443422]

Adlassnig K. Fuzzy set theory in medical diagnosis. IEEE Trans Syst Man Cybern 1986;16(2):260-265. [doi:
10.1109/TSMC.1986.4308946]

Adlassnig KP. A fuzzy logical model of computer-assisted medical diagnosis. Methods Inf Med 1980;19(3):141-148.
[Medline: 6997678]

Chen H, Wu C, Du B, Zhang L. Deep Siamese multi-scale convolutional network for change detection in multi-temporal
VHR images. In: Proceedings of 10th International Workshop on the Analysis of Multitemporal Remote Sensing Images.
2019 Presented at: MultiTemp '19; August 5-7, 2019; Shanghai p. 1-4. [doi: 10.1109/Multi-Temp.2019.8866947]
Bourgani E. A study on fuzzy cognitive map structures for medical decision support systems. In: Proceedings of the 8th
conference of the European Society for Fuzzy Logic and Technology (EUSFLAT-13). 2013 Presented at: Proceedings of
the 8th conference of the European Society for Fuzzy Logic and Technology (EUSFLAT-13); Sep 11-13, 2013; Milan,
[taly. [doi: 10.2991/eusflat.2013.111]

Siemens G, Long P. Penetrating the fog: analyticsin learning and education. EDUCAUSE Review. 2011. URL: https:/er.
educause.edu/articles/2011/9/penetrating-the-fog-anal ytics-in-learning-and-education [accessed 2022-01-19]

Schmidt HG, Norman GR, Boshuizen HP. A cognitive perspective on medical expertise: theory and implication. Acad Med
1990 Oct;65(10):611-621. [doi: 10.1097/00001888-199010000-00001] [Medline: 2261032]

Bowen JL. Educational strategiesto promote clinical diagnostic reasoning. N Engl JMed 2006 Nov 23;355(21):2217-2225.
[doi: 10.1056/NEIMra054782] [Medline: 17124019]

Coderre S, Mandin H, Harasym PH, Fick GH. Diagnostic reasoning strategies and diagnostic success. Med Educ 2003
Aug;37(8):695-703. [doi: 10.1046/j.1365-2923.2003.01577.x] [Medline: 12895249]

Patel V, Groen GJ, Frederiksen CH. Differences between medical students and doctorsin memory for clinical cases. Med
Educ 1986 Jan;20(1):3-9. [doi: 10.1111/j.1365-2923.1986.tb01033.x] [Medline: 3951378]

Chang RW, Bordage G, Connell KJ. The importance of early problem representation during case presentations. Acad Med
1998 Oct; 73(10 Suppl):S109-S111. [doi: 10.1097/00001888-199810000-00062] [Medline: 9795669]

Heitzmann N, Seidel T, Hetmanek A, Wecker C, Fischer MR, Ufer S, et al. Facilitating diagnostic competencesin simulations
in higher education a framework and aresearch agenda. Frontline Learn Res 2019 Dec 3;7(4):1-24. [doi:
10.14786/fr.v7i4.384]

Kassirer JP. Teaching clinical reasoning: case-based and coached. Acad Med 2010 Jul;85(7):1118-1124. [doi:
10.1097/acm.0b013e3181d5dd0d] [Medline: 20603909]

Schmidt HG, Mamede S. How to improve the teaching of clinical reasoning: a narrative review and a proposal. Med Educ
2015 Oct;49(10):961-973. [doi: 10.1111/medu.12775] [Medline: 26383068]

Eva KW. What every teacher needs to know about clinical reasoning. Med Educ 2005 Jan;39(1):98-106. [doi:
10.1111/j.1365-2929.2004.01972.x] [Medline: 15612906]

https://mededu.jmir.org/2022/1/e24372 JMIR Med Educ 2022 | vol. 8 |iss. 1]|€24372 | p. 11

(page number not for citation purposes)


http://dx.doi.org/10.1145/964442.964447
http://dx.doi.org/10.1080/10494820.2018.1558257
http://dx.doi.org/10.3102/0034654315581420
https://medinform.jmir.org/2021/4/e24073/
http://dx.doi.org/10.2196/24073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33720840&dopt=Abstract
https://www.mdpi.com/resolver?pii=jcm8101677
http://dx.doi.org/10.3390/jcm8101677
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31614982&dopt=Abstract
http://www.thieme-connect.com/DOI/DOI?10.1055/s-0038-1667077
http://dx.doi.org/10.1055/s-0038-1667077
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30157516&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/1472-6947-8-18
http://dx.doi.org/10.1186/1472-6947-8-18
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18460199&dopt=Abstract
http://dx.doi.org/10.1207/S15328015TLM1204_5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11273368&dopt=Abstract
http://dx.doi.org/10.1080/0142159X.2019.1708294
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31961206&dopt=Abstract
http://dx.doi.org/10.1016/j.amjmed.2005.10.036
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16443422&dopt=Abstract
http://dx.doi.org/10.1109/TSMC.1986.4308946
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=6997678&dopt=Abstract
http://dx.doi.org/10.1109/Multi-Temp.2019.8866947
http://dx.doi.org/10.2991/eusflat.2013.111
https://er.educause.edu/articles/2011/9/penetrating-the-fog-analytics-in-learning-and-education
https://er.educause.edu/articles/2011/9/penetrating-the-fog-analytics-in-learning-and-education
http://dx.doi.org/10.1097/00001888-199010000-00001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2261032&dopt=Abstract
http://dx.doi.org/10.1056/NEJMra054782
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17124019&dopt=Abstract
http://dx.doi.org/10.1046/j.1365-2923.2003.01577.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12895249&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2923.1986.tb01033.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3951378&dopt=Abstract
http://dx.doi.org/10.1097/00001888-199810000-00062
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9795669&dopt=Abstract
http://dx.doi.org/10.14786/flr.v7i4.384
http://dx.doi.org/10.1097/acm.0b013e3181d5dd0d
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20603909&dopt=Abstract
http://dx.doi.org/10.1111/medu.12775
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26383068&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2929.2004.01972.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15612906&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL EDUCATION Furlan et al

44,

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

67.

Levenshtein V. Binary codes capable of correcting deletions, insertions and reversals. Soviet Physics Doklady
1965;10(8): 707-710.

Hampton JR, Harrison MJ, Mitchell JR, Prichard JS, Seymour C. Relative contributions of history-taking, physical
examination, and laboratory investigation to diagnosis and management of medical outpatients. Br Med J 1975 May
31;2(5969):486-489 [FREE Full text] [doi: 10.1136/bmj.2.5969.486] [Medline: 1148666]

Gruppen LD, Woolliscroft JO, Wolf FM. The contribution of different components of the clinical encounter in generating
and eliminating diagnostic hypotheses. Res Med Educ 1988;27:242-247. [Medline: 3218864]

-. Elstein, Arthur S,, Lee S. Shulman, and Sarah A. Sprafka, et al. Medical problem solving: an analysisof clinical reasoning.
Cambridge, Massachusetts: Harvard University Press, 1978. Newsdletter Sci Technol Human Values 2016 Aug 19;3(3):50-51.
[doi: 10.1177/016224397800300337]

Elstein A, Schwartz A, Schwarz A. Clinical problem solving and diagnostic decision making: selective review of the
cognitive literature. BMJ 2002 Mar 23;324(7339):729-732 [FREE Full text] [doi: 10.1136/bmj.324.7339.729] [Medline:
11909793]

Corazza GR, Lenti MV, Howdle PD. Diagnostic reasoning in internal medicine: a practical reappraisal. Intern Emerg Med
2021 Mar;16(2):273-279 [FREE Full text] [doi: 10.1007/s11739-020-02580-0] [Medline: 33259033]

Levinson W, Born K, Wolfson D. Choosing wisely campaigns: awork in progress. JAMA 2018 May 15;319(19):1975-1976.
[doi: 10.1001/jama.2018.2202] [Medline: 29710232]

Dhaliwal G. Premature closure? Not so fast. BMJ Qual Saf 2017 Feb;26(2):87-89. [doi: 10.1136/bmjqs-2016-005267]
[Medline: 26980778]

Scott IA. Errorsin clinical reasoning: causes and remedial strategies. BMJ 2009 Jun 08;338:b1860. [doi: 10.1136/bmj.b1860]
[Medline: 19505957]

Clauser BE, Margolis MJ, Swanson DB. An examination of the contribution of computer-based case simulations to the
USMLE step 3 examination. Acad Med 2002 Oct; 77(10 Suppl):S80-S82. [doi: 10.1097/00001888-200210001-00026]
[Medline: 12377713]

Adjedj J, Ducrocq G, Bouleti C, Reinhart L, Fabbro E, Elbez Y, et al. Medical student evaluation with a serious game
compared to multiple choice questions assessment. IMIR Serious Games 2017 May 16;5(2):e11 [FREE Full text] [doi:
10.2196/games.7033] [Medline: 28512082]

Couch B, Hubbard JK, Brassil CE. Multiple-true—fal se questionsreveal the limits of the multiple—choice format for detecting
students with incomplete understandings. BioScience 2018 Jun;68(6):455-463. [doi: 10.1093/biosci/biy037]

Scouller K. The influence of assessment method on students' learning approaches: multiple choice question examination
versus assignment essay. Higher Educ 1998;35(4):453-472. [doi: 10.1023/A:1003196224280]

Jarrell A. Learning to diagnose avirtual patient: an investigation of cognitive errorsin medical problem solving. In: Artificial
Intelligence in Education. Switzerland: Springer International Publishing; 2015.

UpToDate: evidence-based clinical decision support. Wolters Kluwer. URL : https://www.wolterskluwer.com/en/sol utions/
uptodate [accessed 2022-01-19]

van Dijk W, Faber MJ, Tanke MA, Jeurissen PP, Westert GP. Medicalisation and overdiagnosis: what society does to
medicine. Int JHealth Policy Manag 2016 Nov 01;5(11):619-622 [ FREE Full text] [doi: 10.15171/ijhpm.2016.121] [Medline:
27801356]

Hecker MT, Aron DC, Patel NP, Lehmann MK, Donskey CJ. Unnecessary use of antimicrobialsin hospitalized patients:
current patterns of misuse with an emphasis on the antianaerobic spectrum of activity. Arch Intern Med 2003 Apr
28;163(8):972-978. [doi: 10.1001/archinte.163.8.972] [Medline: 12719208]

Hayward RA, Hofer TP, Estimating hospital deaths due to medical errors: preventability isin the eye of the reviewer.
JAMA 2001 Jul 25;286(4):415-420. [doi: 10.1001/jama.286.4.415] [Medline: 11466119]

Winterstein AG, Sauer BC, Hepler CD, Poole C. Preventable drug-related hospital admissions. Ann Pharmacother 2016
Dec 04;36(7-8):1238-1248. [doi: 10.1345/aph.1a225]

Lyu H, Xu T, Brotman D, Mayer-Blackwell B, Cooper M, Daniel M, et al. Overtreatment in the United States. PLoS One
2017;12(9):e0181970 [FREE Full text] [doi: 10.1371/journal.pone.0181970] [Medline: 28877170]

Moynihan R, Smith R. Too much medicine? BMJ 2002 Apr 13;324(7342):859-860 [ FREE Full text] [doi:
10.1136/bmj.324.7342.859] [Medline: 11950716]

FurlanL, Erbal, Trombettal , Sacco R, Colombo G, Casazza G, et a. Short- vslong-course antibiotic therapy for pneumonia:
a comparison of systematic reviews and guidelines for the SIMI Choosing Wisely Campaign. Intern Emerg Med 2019
Apr;14(3):377-394. [doi: 10.1007/s11739-018-1955-2] [Medline: 30298412]

Montano N, Costantino G, Casazza G, SbrojavaccaR, Lenti MV, Falsetti L, et al. The Italian Society of Internal Medicine
choosing wisely campaign. Intern Emerg Med 2016 Dec 1;11(8):1125-1130. [doi: 10.1007/s11739-016-1560-1] [Medline:
27804077)

Linsen A, Elshout G, Pols D, Zwaan L, Mamede S. Education in clinical reasoning: an experimental study on strategiesto
foster novice medical students' engagement in learning activities. Health Professions Educ 2018 Jun;4(2):86-96. [doi:
10.1016/j.hpe.2017.03.003]

https://mededu.jmir.org/2022/1/e24372 JMIR Med Educ 2022 | vol. 8 |iss. 1| e24372 | p. 12

(page number not for citation purposes)


http://europepmc.org/abstract/MED/1148666
http://dx.doi.org/10.1136/bmj.2.5969.486
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1148666&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3218864&dopt=Abstract
http://dx.doi.org/10.1177/016224397800300337
http://europepmc.org/abstract/MED/11909793
http://dx.doi.org/10.1136/bmj.324.7339.729
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11909793&dopt=Abstract
http://europepmc.org/abstract/MED/33259033
http://dx.doi.org/10.1007/s11739-020-02580-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33259033&dopt=Abstract
http://dx.doi.org/10.1001/jama.2018.2202
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29710232&dopt=Abstract
http://dx.doi.org/10.1136/bmjqs-2016-005267
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26980778&dopt=Abstract
http://dx.doi.org/10.1136/bmj.b1860
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19505957&dopt=Abstract
http://dx.doi.org/10.1097/00001888-200210001-00026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12377713&dopt=Abstract
https://games.jmir.org/2017/2/e11/
http://dx.doi.org/10.2196/games.7033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28512082&dopt=Abstract
http://dx.doi.org/10.1093/biosci/biy037
http://dx.doi.org/10.1023/A:1003196224280
https://www.wolterskluwer.com/en/solutions/uptodate
https://www.wolterskluwer.com/en/solutions/uptodate
http://europepmc.org/abstract/MED/27801356
http://dx.doi.org/10.15171/ijhpm.2016.121
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27801356&dopt=Abstract
http://dx.doi.org/10.1001/archinte.163.8.972
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12719208&dopt=Abstract
http://dx.doi.org/10.1001/jama.286.4.415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11466119&dopt=Abstract
http://dx.doi.org/10.1345/aph.1a225
https://dx.plos.org/10.1371/journal.pone.0181970
http://dx.doi.org/10.1371/journal.pone.0181970
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28877170&dopt=Abstract
http://europepmc.org/abstract/MED/11950716
http://dx.doi.org/10.1136/bmj.324.7342.859
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11950716&dopt=Abstract
http://dx.doi.org/10.1007/s11739-018-1955-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30298412&dopt=Abstract
http://dx.doi.org/10.1007/s11739-016-1560-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27804077&dopt=Abstract
http://dx.doi.org/10.1016/j.hpe.2017.03.003
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL EDUCATION Furlan et al

68. Hegel, Kononowicz AA, Kiesewetter J, Foster-Johnson L. Uncovering the relation between clinical reasoning and diagnostic
accuracy - An analysisof learner'sclinical reasoning processesin virtual patients. PLoS One 2018;13(10):€0204900 [FREE
Full text] [doi: 10.1371/journal.pone.0204900] [Medline: 30286136]

69. Epstein RM. Assessment in medical education. N Engl JMed 2007 Jan 25;356(4):387-396. [doi: 10.1056/nejmra054784]

70. Nedeau-Cayo R, Laughlin D, RusL, Hall J. Assessment of item-writing flaws in multiple-choice questions. J Nurses
Professional Develop 2013;29(2):52-57. [doi: 10.1097/nnd.0b013e318286¢2f1]

Abbreviations

ITS: intelligent tutoring system

NLP: natural language processing

SCT: script concordance test

SNOMED-CT: Systematized Nomenclature of Medicine—Clinical Terms
VPS: virtual patient simulator

Edited by G Eysenbach; submitted 16.09.20; peer-reviewed by L Sheets, D Chartash, J Chen; comments to author 30.11.20; revised
version received 28.02.21; accepted 23.11.21; published 03.03.22

Please cite as:

Furlan R, Gatti M, Mene R, Shiffer D, Marchiori C, Giaj Levra A, Saturnino V, Brunetta E, Dipaola F

Learning Analytics Applied to Clinical Diagnostic Reasoning Using a Natural Language Processing—Based Virtual Patient Smulator:
Case Sudy

JMIR Med Educ 2022;8(1):€24372

URL: https://mededu.jmir.org/2022/1/e24372

doi: 10.2196/24372

PMID:

©ORaffaello Furlan, Mauro Gatti, Roberto Mene, Dana Shiffer, Chiara Marchiori, Alessandro Gigj Levra, Vincenzo Saturnino,
Enrico Brunetta, Franca Dipaola. Originally published in IMIR Medical Education (https://mededu.jmir.org), 03.03.2022. 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 publishedin IMIR Medical Education, isproperly cited. The complete bibliographicinformation,
alink to the original publication on https://mededu.jmir.org/, as well as this copyright and license information must be included.

https://mededu.jmir.org/2022/1/e24372 JMIR Med Educ 2022 | vol. 8 | iss. 1| e24372 | p. 13
(page number not for citation purposes)

RenderX


https://dx.plos.org/10.1371/journal.pone.0204900
https://dx.plos.org/10.1371/journal.pone.0204900
http://dx.doi.org/10.1371/journal.pone.0204900
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30286136&dopt=Abstract
http://dx.doi.org/10.1056/nejmra054784
http://dx.doi.org/10.1097/nnd.0b013e318286c2f1
https://mededu.jmir.org/2022/1/e24372
http://dx.doi.org/10.2196/24372
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

