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Abstract. Since problem solving in group problem-based learning is a collabo-
rative process, modeling individuals and the group is necessary if we wish to
develop an intelligent tutoring system that can do things like focus the group
discussion, promote collaboration, or suggest peer helpers. We have used
Bayesian networks to model individual student knowledge and activity, as well
as that of the group. The validity of the approach has been tested with student
models in the areas of head injury, stroke and heart attack. Receiver operating
characteristic (ROC) curve analysis shows that, the models are highly accurate
in predicting individual student actions. Comparison with human tutors shows
that group activity determined by the model agrees with that suggested by the
majority of the human tutors with a high degree of statistical agreement
(McNemar test, p = 0.774, Kappa = 0.823).

1 Background

Over the past few decades, problem-based learning (PBL) has been introduced as an
alternative to traditional didactic medical education. PBL is designed to challenge
learners to build up their knowledge and develop effective clinical reasoning skills
around practical patient problems. PBL instructional models vary but the general
approach is student-centered, small group, collaborative problem solving activities
[2]. While PBL has many strengths, effective PBL requires the tutor to provide a high
degree of personal attention to the students, which is difficult in the current academic
environment of increasing demands on faculty time. We are investigating the poten-
tial use of concepts from Intelligent Tutoring Systems (ITSs) and Computer-
Supported Collaborative Learning (CSCL) to develop an intelligent medical training
system for PBL. In this paper we focus on the student modeling aspects of the problem.

Similar to one-to-one ITSs, e.g. ANDES [4], SQL-Tutor [15], our system requires
an accurate model of clinical problem solving and a model of the student’s state of
knowledge so that the system can guide the students effectively. But in a PBL group
clinical problem solving ability can vary from student to student since students differ
in their background knowledge and skill. Thus modeling individuals and the group is
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necessary if we wish to develop tutoring algorithms that can do things like focus the
group discussion, promote collaboration, and suggest peer helpers.

Developing successful collaborative environments that satisfy each member’s needs
and contribute to the effectiveness of the group as a whole is an area that researchers
have recently begun to address. The Docs ‘n Drugs project [13] supports intelligent
tutoring for group-based medical PBL by including collaborative work and intelligent
tutoring capabilities in one system. But the tutoring module in Docs ‘n Drugs is still
focused on guiding individual students rather than the group as a whole. Jameson et al
[9] propose a generative model of individual group members, which is a computational
model of relevant beliefs, preferences, motivation and other relevant properties. The
work focuses on supporting asynchronous collaboration, with the models being used to
predict member’s responses to proposed solutions during discussion sessions when they
are not present. Lock and Kudenko [12] propose a multi-component user modeling
approach in which each user model contains an explicit team profile in addition to other
distinct components. The models are developed in the context of personalized informa-
tion briefing for military decision-making. Building upon results from Social Choice
Theory, Masthoff [14] addresses the issue of combining models of individuals’ prefer-
ences in order to infer group preferences in a more general framework. The work is
illustrated with the problem of selecting appropriate television programming for a
group. Our work departs from previous efforts to incorporate user modeling into com-
puter supported collaborative learning environments by focusing on modeling individ-
ual and group problem solving behavior. The modeling technique that we present in this
paper has been implemented in COMET, a collaborative intelligent tutoring system for
medical PBL [17]. Medical PBL is challenging due to the complexity of the knowledge
involved, and the lack of standard, commonly accepted student problem-solving tech-
niques. Thus, one objective of the work presented in this paper has been to identify
prototypical patterns of student clinical reasoning to create student models that can be
used by the tutoring module to generate the various tutoring hints.

2 COMET - COllaborative MEdical Tutor

COMET is designed to provide an experience that emulates that of live human-
tutored medical PBL sessions as much as possible while at the same time permitting
the students to participate from disparate locations. The system is implemented as a
Java client/server combination, which can be used over the Internet or local area net-
works and supports any number of users. COMET incorporates a multi-modal inter-
face that integrates text and graphics so as to provide a rich communication channel
between the students and the system, as well as among students in the group (Fig. 1).
COMET can currently support PBL in the domains of Head injury, Stroke and Heart
attack. Generating appropriate tutorial actions in COMET requires a model of the
students’ clinical reasoning for the problem domain. This modeling task is necessarily
wrought with uncertainty since we have only a limited number of observations from
which to infer each student’s level of understanding. Thus we have chosen to use
Bayesian networks (BNs) as our modeling technique.
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Fig. 1. COMET Student interface. The hypothesis board provides the central shared group
workspace. The discussion pane is the place for displaying tutoring hints

3 Clinical Reasoning Model

The following sections describe the structure of the BN domain clinical reasoning
model, alternative model structures, how the conditional probabilities are obtained,
and how the models are used for individual and collaborative student modeling.

3.1 Domain Clinical Reasoning Model

We investigate issues of generality in clinical reasoning, which will serve as a founda-
tion in developing our domain-general structure. The classic model of clinical reason-
ing is the hypothetico-deductive model [6], which is incorporated in the PBL process.
It is characterized by the generation of multiple competing hypotheses from initial
patient cues, followed by the collection of data to confirm or refute each hypothesis.
Figure 2 shows a portion of the hypothesis structure created by one PBL group for the
problem scenario on the bottom right of Figure 1. It shows a directed acyclic graph
representing cause-effect relationships among hypotheses. Since we assume that each
student is participating in the process of creating this graph, the graph forms the basis
of our student model. The hypothesis graph can be conveniently represented as a BN
since BN are also directed acyclic graphs. In addition, BNs can represent our uncer-
tainty about the state of knowledge of the students.

To come up with hypotheses explaining the case, the clinical reasoning process
involves the following iterative 3 steps [2]. (1) Problem identification is done by
selecting problems from studying the case. This process is similar to “subgoaling” in
means-ends problem solving [1]. We represent these problems with the “goal” node in
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the BN model (Fig. 3). (2) Problem analyses are developed for each problem. Students
are encouraged to use their previous knowledge to solve the problem. We represent this
knowledge with the “concept” node in the BN model. (3) The hypotheses are derived by
applying medical concepts from the problem analyses. An “apply” node represents the
student’s action of applying a “concept” to a “goal” to derive a “hypothesis”.
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Fig. 2. A photograph of the white board after a PBL session at Thammasat University Medical
School. The graph shows hypotheses with arrows indicating cause-effect relations among them.
(Note: Some hypotheses are written in Thai)

Although some consistent characteristics of the clinical reasoning process can be
identified based on the hypothetico-deductive reasoning model, they are not particu-
larly satisfying for understanding the process of reasoning or useful for communicat-
ing it when training future clinicians. For example, how are good hypotheses gener-
ated, and what is the nature of a good hypothesis set? We have explored the clinical
problem representation called “illness script” proposed by Feltovich and Barrows [7]
and incorporated this approach in the design of our system. At its most general level of
description, the script proposes that an illness can be characterized by three component
parts: enabling conditions, faults and a set of consequences. Enabling conditions are
illness features associated with the acquisition of illness (e.g., compromised host factors,
hereditary factors). Faults are the major real malfunctions in illness (e.g., direct trauma,
invasion of tissue by pathogenic organisms). Consequences are the secondary conse-
quences of faults within the organism (e.g., unconsciousness, brain damage).

Figure 3 shows a portion of the BN domain model built for the head injury sce-
nario of Figure 1. The model contains two types of information: (1) the hypothesis
structure based on the differential diagnosis of the case (the right group of nodes); and
(2) the application of medical concepts in terms of anatomy and patho-physiology
(the left group of nodes) to derive the hypotheses. The figure shows the classification
of the hypotheses into the three categories: enabling conditions, faults, and conse-
quences. For each specific scenario, we consulted medical textbooks and experts to
obtain the hypotheses, the causal relations among them, the goals, and the medical
concepts used to derive the hypotheses. The model for each scenario took about one
person-month to build. In Figure 3 (right half), we have seven possible faults associ-
ated with the single enabling condition car accident: Head_Injury, Brain_Moving,
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Fig. 3. Part of the Bayesian network student model. The complete network contains 66 nodes

Scalp_Lacerate, Skull_Fracture, Brain_Contusion, Diffuse_Axon_Injury, and
Brain_Stem_Damage. The remaining hypothesis nodes are consequences of these
faults. Each hypothesis node has parent nodes, which have a direct causal impact on it.
For example, Brain_Damage has parents Brain_Infection and Intracere-
bral_Hemorrhage. All hypothesis nodes have two states, indicating whether or not the
student knows that the hypothesis is a valid hypothesis for the case.

The application of medical concepts is represented in terms of three kinds of
nodes: goals, general medical knowledge, and apply actions. Every hypothesis node
(except the root, which represents the scenario itself) has a unique Apply node as one
of its parents.  The Apply node represents the application of a medical concept to a
goal in order to derive the hypothesis. For example the Apply3 node indicates that the
student is able to use knowledge of the Blood_Flow_Decrease medical concept to
infer that Brain_Damage is a consequence of Brain_Infection. Each hypothesis node
thus has a conditional probability table specifying the probability of the hypothesis
being known conditioned on whether the parent hypotheses are known and whether
the student is able to apply the appropriate piece of knowledge to determine the
cause-effect relationship. The conditional probability tables for the Apply nodes are
simple AND gates.

Our BN student model is similar to the student model used by Conati, et al [4].
Their model includes five types of nodes: Context-Rule, Rule-Application, Fact,
Goal, and Strategy. The correspondence between their node types and ours is: Con-
text-Rule = Concept, Rule-Application = Apply, Fact = Hypothesis, and Goal = Goal.
Strategy nodes, which represent different correct solutions to a problem, are implicitly
encoded in our model by the fact that students can enumerate the causal hypothesis
structure in any order. Our model contains causal links among hypotheses, which are
not present in their model. The reason for this is that in our medical domains a prob-
lem solution is represented by the hypotheses and causal links among them, while in
their physics domains a problem solution is represented by a sequence of rule applica-
tions and the derived facts.
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In the PBL sessions, the students create the hypotheses as well as the causal links
between them (Fig. 2). The initial BN domain model described above represents the
probabilities of the hypotheses but not the probabilities of the causal links between
them. To capture the causal links as well, we modified the model by incorporating a
new type of node representing the probability of a causal link between two hypothe-
ses. In alternative model 1, for every hypothesis A that is a direct cause of a hypothe-
sis B, we have a node representing the causal link between them. The two hypothesis
nodes (A, B) are the parents of the link node (A->B), as shown in Figure 4b. The
intuition is that the link cannot be created unless both hypotheses are created first.
Alternative 2 is a combination of the initial student model and alternative 1 (Fig. 4c¢).
Rather than eliminating the links in the Bayes net between hypothesis nodes, we re-
tain them and simply add the link nodes. This model explicitly captures the probabil-
ity that a student will create a hypothesis (B) if he creates the parent hypothesis (A),
and the probability that the student will create the causal link between them. The
probability tables for the link nodes in alternative 2 are the same as in alternative 1.

(2) [nitial model () Alternative 1 () &lternative 2

Fig. 4. A simple BN illustrating the hypothesis structure of the initial and alternative domain
clinical reasoning models

The conditional probability tables for each network were obtained by learning from
data obtained from the transcripts of PBL sessions. A total of 15 groups of third year
medical students from Thammasat University Medical School were involved in this study.
Each group, consisting of eight students with different backgrounds, was presented with
the head injury, stroke and heart attack cases and asked to construct possible hypotheses
for the case, under the guidance of a tutor. After the sessions the tape and the results on
the whiteboard were analyzed to determine whether or not each goal, concept and hy-
pothesis was mentioned. We used the EM learning algorithm provided by the HUGIN
Researcher software to learn the conditional probabilities of each node [10].

3.2 Individual and Collaborative Student Clinical Reasoning Modeling

The domain clinical reasoning model is instantiated for each student prior to group
discussion by entering that student’s background knowledge as evidence. For example,
if a student has a background in anatomy, we would instantiate the Skull_Anatomy and
Scalp_Anatomy nodes. Since all students have basic knowledge in anatomy, physiology
and pathology before they encounter the PBL tutorial sessions, we make the assumption
that once a hypothesis in the domain model is created by one student in the group during
discussion, every student knows that hypothesis. So as hypotheses are created, they are
instantiated in each student model.

Conlflict is an important aspect of group life. Researchers have suggested ways to
ameliorate cognitive conflict and increase member productivity in group problem
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solving, which include combining individual novel ideas (divergent thinking) and
narrowing this set to one alternative (convergent thinking) [11]. Following commonly
accepted practice in medical PBL [7], we assume that students should and generally
do enumerate the possible hypotheses by focusing sequentially on the various causal
paths in the domain, linking enabling conditions with faults and consequences. So for
each student, we must determine what causal path he is reasoning along, which we do
by identifying the path of highest probability in that student’s model. This is com-
puted as the joint probability of the nodes along the path, which is a function built into
the Hugin software. Suppose we have the following hypotheses entered into the stu-
dent model: Car_Accident, Head_Injury, Intracranial_Pressure_Increase, and Un-
conscious. The evidence is entered and propagated, and new beliefs are retrieved.
Here we have six candidate paths, two of which are:

Path 2: Unconscious < Brain_Damage < Intracranial_Pressure_Increase <
Subdural_Hematoma < Skull_Fracture < Head_Injury < Car_Accident

Path 4: Unconscious &  Brain_Damage < Intracerebral_Hematoma <
Brain_Contusion < Head_Injury < Car_Accident

The most likely current reasoning path for this student is path 2 since it has the
maximum joint probability. Since the students work in a group, it is also necessary to
identify a causal path that can be used to focus group discussion, particularly when
the discussion seems to be diverging in different directions. Although groups can
resolve disagreements in several ways, majorities are important [16], particularly in
judgmental tasks that lack demonstrably correct answers (e.g. medical diagnosis).
Thus, we would like to identify a path that has much of the attention of much of the
group and has at least one member whose attention is focused on that path. This is
done as follows. We identify a set of candidate paths by taking the most likely path
for each student. This guarantees that each candidate path has at least one student
currently focused on it. We then compute the sum of the probabilities of each candi-
date path over all students and select the path with the highest sum. This gives us the
candidate path with the highest average attention over all students.

From our study of PBL sessions [17], we identified and implemented seven tutoring
strategies commonly used by experienced human tutors: 1) focus group discussion, 2)
promote open discussion, 3) deflect uneducated guessing, 4) avoid jumping critical steps,
5) address incomplete information, 6) refer to experts in the group, and 7) promote col-
laborative discussion. All strategies except strategy 7 use both the structure and the prob-
abilities of the BN models. Strategies 1, 2, 5 make use of the group reasoning path.

4 Evaluation — Accuracy of the Student Models

In order to determine the accuracy of the model, we compared the probabilities of
hypotheses and causal links from the student model with actual student actions con-
sidered as a “gold standard”, and compared the group path generated by COMET and
the path suggested by human tutors.

4.1 Experimental Design

We recruited 15 second-year medical students from Thammasat University Medical
School. That is, they had not yet had PBL experience in Head injury, Stroke, or Heart
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attack. Stratified random sampling was applied to divide the students into 3 groups
based on their background knowledge. Ten tutors with at least five years experience
in conducting the brain and cardiovascular course were involved in the evaluation of
the group path. Students were asked to answer pretest questions to determine their
background knowledge. This information was used to instantiate the general student
model for each individual student.

Students participated in the problem solving session on head injury, stroke and
heart attack scenarios with COMET. Each student was asked to enumerate hypothe-
ses and links using an offline client application. The student actions of creating hy-
potheses and their links served as a gold standard for comparing with the predicted
probabilities from the BN student model. Then groups of 5 students worked collabo-
ratively using an online client application. Ten tutors were asked to identify the rea-
soning path that the group should follow for each scenario and each group given the
partial solutions and the information about the students’ background knowledge. This
data was used to compare with the group path generated by COMET.

4.2 Results

To determine whether our student models are accurate in predicting individual student
actions, we evaluated them by means of receiver operating characteristic (ROC) curve
analysis [3]. ROC curves plot sensitivity (true positive ratio) versus 1-specificity (true
negative ratio) for a series of thresholds of the posterior probabilities of the nodes in
the BN model. The area under the curve (AUC) represents an overall measurement of
performance of the student model, with 1.0 a perfect test and 0.5 representing a model
with no discriminating capacity. To measure the statistical significance of the differ-
ence between two AUCs, we used the between-area correlation and the standard error
of the difference in areas [8].

Table 1. ROC curve analysis showing AUC for three student models

Model/Prediction Head injury Stoke Heart attack All scenarios
Initial/Hypotheses 0.731 0.809 0.843 0.814
Alternative 1/Hypotheses 0.859 0.793 0.917 0.848
Alternative 2/Hypotheses 0.909 0.765 0.868 0.832
Alternative 1/Causal links 0.895 0.814 0.843 0.848
Alternative 2/Causal links 0.897 0.838 0.905 0.899

Table 1 shows the ROC curve analysis of the three alternative models for the Head
injury, Stroke, and Heart attack scenarios. For the Head injury scenario, there were
no statistically significant differences between the AUCs for alternative 1 and alterna-
tive 2, while each of them was more accurate than the initial model in predicting
which hypotheses students created. For the Stroke and Heart attack scenarios, there
were no statistically significant differences between the AUCs of all three models.
Averaging over all scenarios, alternative 1 and alternative 2 were more accurate in
predicting which hypotheses students created than the initial model. However, there
was no statistically significant difference between the AUCs for the alternative 1 and
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alternative 2. Alternative 2 was more accurate in predicting which causal links student
created than alternative 1.

In order to evaluate the accuracy of our BN student model in predicting the group
reasoning path, we compared the group reasoning path generated by COMET to the
paths suggested by 10 human tutors for 3 scenarios and 3 groups. This gave us 90 data
points for comparison. Total number of reasoning paths containing at least one node
that was created for the Head injury, Stroke and Heart attack scenarios was 6, 65, and
125 respectively.

Table 2. Results comparing COMET and human tutor group paths

Scenario COMET’s path  Human tutors’ path (% of tutors suggesting the path)

Head inur 2 12 (85%) 14 (15%)
Jury 14 14 (70%) 12 (10%)  Others (20%)
Sroke 23 23 (85%) 24 (10%) _ Others (5%)
24 24 (60%) 23 (20%)  Others (20%)
31 31 (90%) 32 (10%)
Heart attack 32 32 (70%) 31 (20%)  Others (10%)

The results show that COMET’s group paths are in line with the majority consen-
sus of those suggested by the human tutors. For example, in the situation where
COMET generated path no. 12, 85% of the tutor also suggested the same path, and
15% suggested path no. 14. To test the statistical significance of the agreement be-
tween the system and the human tutors, we used the McNemar test and Kappa statis-
tic, which are commonly used in medicine to determine the degree of agreement be-
tween two alternative testing procedures [5]. There were no statistical differences
between the human tutors and COMET (McNemar test, p = 0.774). The results show
a high degree of agreement between the group path generated by COMET and by the
human tutors (Kappa index = 0.823).

5 Conclusions and Future Work

We have described a general domain-independent BN clinical reasoning model for
medical PBL that integrates hypothesis structure based on differential diagnoses of
the patient case and the application of the corresponding medical concepts in the
problem solving process. Student background knowledge as well as individual and
group reasoning behavior play an important role in modeling individual and collabo-
rative student clinical reasoning. The positive result from the model’s evaluation in
three different scenarios provides encouraging support for our framework.

Future work will include more extensive evaluation. We are planning a full scale
evaluation of COMET’s effectiveness in imparting clinical reasoning skills and medi-
cal knowledge to students. Specifically, our empirical study will focus on student
clinical reasoning gains obtained using COMET versus those obtained from human
tutored PBL sessions.
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