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Abstract. The HEPAR II system is based on a Bayesian network model of a subset
of the domain of hepatology in which the structure of the network is elicited from
an expert diagnostician and the parameters are learned from a database of medical
cases. The model follows the assumption made in the database that each patient
case is diagnosed with a single disorder, i.e., disorders are mutually exclusive.

In this paper, we describe an extension of the HEPAR II system to multiple-
disorder diagnosis. We show that our network transforms readily to a network
that can perform multiple-disorder diagnosis with some benefits to the quality of
numerical parameters learned from the database. We demonstrate empirically that
the diagnostic performance in terms of single-disorder diagnosis improves under
this transformation. The new model is more realistic and we expect that it will be
of higher value in clinical practice.

1 Introduction

Decision analysis has had a major influence on computer-based diagnostic
systems. The field of Uncertainty in Artificial Intelligence, through which
this influence was funneled, has developed practical modeling tools based
on probabilistic graphical models, such as Bayesian networks [9] (also called
belief networks or causal networks) and influence diagrams [4] (also called rel-
evance diagrams or decision networks). Bayesian networks are directed acyclic
graphs modeling probabilistic dependencies among variables. The graphical
part of a Bayesian network reflects the structure of a problem, while local
interactions among neighboring variables are quantified by conditional prob-
ability distributions. One of the main advantages of Bayesian networks over
other schemes for reasoning under uncertainty is that they readily combine
existing frequency data with expert judgment within the probabilistic frame-
work. Often, for example, hospitals and clinics collect patient data, which
over time allow for discovering statistical dependencies and potentially im-
proving the overall quality of diagnosis. When incorporated into a model,
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they can provide a valuable enhancement to the subjective knowledge ob-
tained from an expert. Bayesian networks have been employed in practice in
a variety of fields, including engineering, science, and medicine (for examples
of successful real world applications of Bayesian networks, see March 1995
special issue of the journal Communications of the ACM) with some models
reaching the size of hundreds of variables.

Bayesian networks can be extremely valuable in medical diagnosis. A ma-
jor advantage of Bayesian networks, compared to other modeling tools, is
that they readily model simultaneous presence of multiple disorders. Many
approaches, such as those based on classification methods, assume that in
each diagnostic case only one disorder is possible, i.e., various disorders are
mutually exclusive. This is often an unnecessarily restrictive assumption. It
happens fairly often that a patient suffers from multiple disorders and a single
disorder may not account for all observed symptoms. Worse even, a situation
can arise that a single disorder offers a better explanation for all observa-
tions than any other single disorder, while the true diagnosis consists of, for
example, two other disorders appearing simultaneously.

In this paper we focus on multiple-disorder diagnosis in the context of the
HEPAR II system [6-8]. Our work on the HEPAR II system is continuation of
the HEPAR project [1,10], conducted in the Institute of Biocybernetics and
Biomedical Engineering of the Polish Academy of Sciences in collaboration
with physicians at the Medical Center of Postgraduate Education in Warsaw.
The HEPAR system was designed for gathering and processing of clinical data
on patients with liver disorders and aimed at reducing the need for hepatic
biopsy by modern computer-based diagnostic tools. An integral part of the
HEPAR system is its database, created in 1990 and thoroughly maintained
since then at the Gastroentorogical Clinic of the Institute of Food and Feed-
ing in Warsaw. The current database contains over 800 patient records and
its size is steadily growing. Each hepatological case is described by over 200
different medical findings, such as patient self-reported data, results of phys-
ical examination, laboratory tests, and finally a histopathologically verified
diagnosis. One of the assumptions made in the database that was available to
us is that every patient case is ultimately diagnosed with only one disorder.
This assumption, while imposed on us by the data, is not necessary — in
reality a patient can be suffering from multiple disorders at the same time
and a diagnostic system should consider this possibility.

We describe an extension of our Bayesian network model that relaxes
this assumption. We have modified the structure of the network using expert
knowledge and subsequently learned the parameters of the new network from
the database. While we had to make some assumptions about the data (please
note that the data assumed mutual exclusivity of disorders), we show that the
diagnostic performance of the modified model on the single-disorder diagnosis
is better than that of the original model. The new model is more realistic and
we expect that it will be of higher value in clinical practice.
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The remainder of this paper is structured as follows. Section 2 summarizes
the single-disorder version of the HEPAR II model. Section 3 describes the
structural modifications that we performed on the model in order to be able to
perform multiple-disorder diagnosis. Section 4 describes the details of learning
of the conditional probability distributions of the enhanced model from the
database and compares them in terms of their complexity and reliability.
Section 5 compares the single-disorder and the multiple-disorder models in
terms of their diagnostic accuracy. Finally, Section 6 discusses general issues
related to the performed study and directions for further work.

2 The Single-Disorder Diagnosis Version of the
HEPAR II Model

The HEPAR II project aims at applying decision-theoretic techniques to di-
agnosis of liver disorders. Its main component is a Bayesian network model
involving a subset of variables included in the HEPAR database. The version
of the database used in our project consists of 570 patient cases described
by 119 medical findings and classified into 16 different classes (15 disorder
classes and one class that represents the hepatologically normal state). One
limitation of the data set that we have been using is that it assumes that
all disorders are mutually exclusive, i.e., each diagnosed patient suffers from
at most one disorder. This limitation led us to the original single-disorder
diagnosis model. We selected from this database 94 variables that we judged
to be the most important in diagnosis and built a causal Bayesian network.
We elicited the structure of the model, i.e., dependencies among the vari-
ables, based on medical literature and conversations with our domain expert,
a hepatologist Dr. Hanna Wasyluk (third author) and two American experts,
a pathologist, Dr. Daniel Schwartz, and a specialist in infections diseases, Dr.
John N. Dowling from the University of Pittsburgh. We estimate that elicita-
tion of the structure took approximately 40 hours with the experts, of which
roughly 30 hours were spent with Dr. Wasyluk and roughly 10 hours spent
with Drs. Schwartz and Dowling. This includes model refinement sessions,
where previously elicited structure was reevaluated in a group setting.

The numerical parameters of the model, i.e., the prior and conditional
probability distributions, were extracted from the HEPAR database. Prior
probability distributions are simply relative counts of various outcomes for
each of the variables in question. Conditional probability distributions are
relative counts of various outcomes in those data records that fulfill the
conditions described by every combination of the outcomes of the prede-
cessors. While prior probabilities can be learned reasonably accurately from
a database of consisting of a few hundred records, conditional probabilities
present more of a challenge. In cases where there are several variables directly
preceding a variable in question, individual combinations of their values may
be very unlikely to the point of being absent from the data file. In such cases,
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we made an arbitrary assumption that the distribution is uniform, i.e., the
combination is completely uninformative. The restructuring effort described
in this paper has as one of its long-term goals addressing this problem.

Given a patient’s case, i.e., values of some of the modeled variables, such
as symptoms or test results, the model derives the posterior probability dis-
tribution over the possible liver disorders. This probability distribution can
be directly used in diagnostic decision support. We measured the perfor-
mance of our model by how well it can predict the disorder in each of the
available patient cases. To this effect, we applied the standard leave-one-out
approach [5], i.e., using repeatedly all but one record in the database to learn
the parameters and then using the remaining record to test the prediction.
We were interested in both (1) whether the most probable diagnosis indicated
by the model is indeed the correct diagnosis, and (2) whether the set of k
most probable diagnoses contains the correct diagnosis for small values of k
(we chose a “window” of k=1, 2, 3, and 4). Results were approximately 34%,
47%, 56%, and 67% for k=1, 2, 3, and 4 respectively. In other words, the most
likely diagnosis indicated by the model was the correct diagnosis in 34% of
the cases. The correct diagnosis was among the four most probable diagnoses
as indicated by the model in 67% of the cases. Our experts considered this
performance to be in the right ballpark given the inherent difficulty of the
problem, small size of the data set, and many missing values. Please note
that given 16 states of the disorder node, mean performance based on ran-
dom guessing would barely exceed 6%. More details on the tests performed
can be found in [8].

3 Structural Changes to the HEPAR II Model

We have identified several problems with the HEPAR II model. The first
problem is that all disorders in the network were modeled as distinct states
of one node. This is equivalent to the assumption of mutual exclusivity of
disorders. As we mentioned in the previous section, this structure was implied
by the data set available to us that had one final diagnosis for each of the
patient cases. This assumption is not very realistic in medicine. Presence of a
disorder often weakens a patient’s immune system and as a result the patient
may develop multiple disorders. Since one of the applications of our model
is training novice diagnosticians, we would like to model the interactions
between disorders and symptoms correctly.

The second problem is still suboptimal diagnostic performance of the
HEPAR II network. We believe that the diagnostic performance of the model
can be further improved by improving both the structure and the quality of
the numerical parameters. Our long-term plans are to use parametric prob-
ability distributions, such as Noisy-OR gates [2,3,9], to enhance the quality
of the conditional probability distributions learned from data. In order to be
able to apply parametric probability distributions, we had to restructure the
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network in such a way that various nodes express either propositions or vari-
ous grades of intensity of some quantity. The disorder node in the HEPAR 11
model is a categorical variable with 16 outcomes that is not suitable for a
parametric probability distribution. One way of preparing the structure for
these distributions is by breaking the disorder node into separate nodes for
each of the disorders. This modification takes care of two problems: it relaxes
the assumption of mutual exclusivity of disorders and it makes the nodes
more amenable to parametric quantification.

We have concentrated the structural changes on the disorders. In our ini-
tial approach, we reduced the number of disorders modeled from 15 to 9.
The six disorders excluded were either represented by very few records in the
data base (Acute hepatitis, HBV, Alcoholic cirrhosis) or were later stages of
other disorders (F'ibrosis hepatis, Carcinoma). We plan to add the excluded
disorders to our model in the future. The 9 modeled disorders were five bi-
nary nodes (Tozic hepatitis, Reactive hepatitis, Steatosis, Hyperbilirubinemia,
PBC) and two nodes with three outcomes each (Chronic hepatits, Cirrhosis).
The nodes that we originally modeled as causes/effects of the liver disorder
variable were broken down into several groups, specific to each of the 9 dis-
orders. In order to be able to compare the performance of the single-disorder
to the multiple-disorder versions of the model, we created a single-disorder
version of the original HEPAR II model consisting of the same 9 disorders
and precisely the same feature variables as the newly developed multiple-
disorder model. As a result, we worked with 66 features and 505 records (65
records of the 570 available to us belonged to the omitted disorder classes) in
the database. The resulting models consisted of 67 nodes (66 feature nodes
and one disorder node in the single-disorder model) and 73 nodes (66 feature
nodes and 7 disorder nodes in the multiple-disorder model) respectively.
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Fig. 1. A simplified fragment of the HEPAR II network: single-disorder diagnosis
(left) and multiple-disorder diagnosis (right) version
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Fig. 1 shows a simplified fragment of both models and gives an idea of the
structural changes performed in the transition from the single-disorder to the
multiple-disorder versions of the model. In particular, the models share each
of the four risk factors (Reported history of viral hepatitis, History of alcohol
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abuse, Gallstones, and Hepatotozic medications) and six symptoms and test
results (Fatigue, Jaundice, Bilirubin, Alkaline phosphatase, Ascites and Total
proteins). The single Liver disorder node is replaced by four disorder nodes
(Chronic hepatitis, Steatosis, Cirrhosis and Tozxic hepatitis). The main dif-
ference between the models is that some of the four new disorder nodes are
not connected with the risk factors and symptoms. This leads to a significant
reduction in the number of numerical parameters necessary to quantify the
network.

4 Parameters of the HEPAR II Model

In order to compare the single-disorder to the multiple-disorder versions of
the model, we used the same data to extract the numerical parameters (i.e.,
still each patient was described by only one disorder). The data set contained
505 patient records classified in 9 different disorder classes. A side-effect of
our structural changes is that they have decreased the number of numerical
parameters in the model. We have mentioned in Section 2 that it is quite
common in learning the conditional probability distributions from data that
there are too few records corresponding to a given combination of parents
of a node. Breaking the original disorder node into several nodes represent-
ing individual disorders decreases the size of conditional probability tables
and, hence, increases the average number of records for each combination of
parents in a conditional probability distribution table. Indeed, the multiple-
disorder version of the model required only 1,488 parameters (we counted
u = 87.8 data records per conditional probability distribution) compared to
the 3,714 (1 = 16.8 data records per conditional probability distribution) pa-
rameters needed for the single-disorder version of the model. With an increase
in the average number of records per conditional probability distribution, the
quality of the model parameters improves.

Fig. 2 shows the distribution over the number of data records per parent
combination for the single-disorder and the multiple-disorder models. We can
see that over 50% of the conditional probability distributions in the single-
disorder model contained zero records. In the multiple-disorder model this
number is dramatically smaller — only 0.5% of all cases involved zero records
and there is quite a high proportion of conditional probability distributions
for which tens of records were available.

The fact that we used a data set in which each patient record had a
single-disorder diagnosis placed us before a difficulty in assessing conditional
probabilities of nodes that had several disorder nodes as parents — there were
no records in the database for conditions involving combinations of various
disorders. We applied a simple solution, in which we included in the calcu-
lation all records that described the disorders present in the condition. For
example (see Fig. 1), when computing the conditional probability distribu-
tion of node Fatigue given presence of both Chronic hepatitis and Steatosis,
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Fig. 2. Distribution over the number of data records per parent combination for
the single-disorder and the multiple-disorder models

we used both: records that were diagnosed as Chronic hepatitis and records
that were diagnosed as Steatosis. This amounted to averaging the effect of
various disorders. We also tried taking the maximum effect of all disorders
present in the condition with a very modest improvement in performance.
Another limitation of the HEPAR data that has a serious implication on our
work is that mutual exclusivity of disorders did not allow us to extract de-
pendencies among disorders. Hepatology often deals with disorders that are
consequences of the previous disorders, e.g., a chronic liver disorder implies
Fibrosis hepatis which can further cause Cirrhosis. In the future we plan
to model and quantify these dependencies by combining data with expert
judgment.

5 Diagnostic Accuracy of the Multiple-Disorder Model

Our first empirical test focused on the overall performance of the model
in terms of classification accuracy (each of the disorders was viewed as a
separate class that the program predicted based on the values of all the
other variables). This test is very conservative towards the multiple-disorder
model, as this is the task for which the single-disorder version of the model
was designed. We applied again the leave-one-out approach. Essentially, given
n=>505 data records, we used n — 1 of them for learning model parameters
and the remaining one record to test the model. This procedure was repeated
n times, each time with a different data record.

One of the assumptions that we used in learning the model parameters
was that missing values for discrete finding variables corresponded to state
absent (e.g., a missing value for Jaundice was interpreted as absent). In case of
continuous variables, a missing value corresponded to a normal value, elicited
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from the expert (e.g., a missing value for Bilirubin was interpreted as being
in the range of 0-5), which included the typical value for a healthy patient.
In our tests, we used as observations only those findings that have actually
been reported in the data (i.e., we did not use the values that were missing,
even though we used their assumed values in learning). Similarly to the tests
performed on the original HEPAR II model, we used window sizes of k=1,
2, 3, and 4. Results (pictured graphically in Fig. 3) were for the multiple-
disorder version of the model approximately 44% (compared to 42% for the
single-disorder version), 59% (57%), 68% (68%), and 77% (78%) for k=1,
2, 3, and 4 respectively. In other words, the most likely diagnosis indicated
by the model was the correct diagnosis in 44% of the cases. The correct
diagnosis was among the four most probable diagnoses as indicated by the
model in 77% of the cases. The performance of both versions of the model was
very similar, with the multiple-disorder version being slightly more accurate.
Please note that the diagnostic accuracy of the single-disorder model in our
test is significantly higher than the accuracy reported for the original Hepar II
model. This is an effect of the fact that the new version of the model had
fewer disorders and most disorders considered were well represented in the
database.
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Fig. 3. Diagnostic accuracy of the single-disorder and the multiple-disorder models

Performance for each of the 9 disorders individually is pictured graphi-
cally in Fig. 4. We can see that in case of some of the disorders, the multiple-
disorder version of the model performed significantly better than the single-
disorder version. In order to gain some insight into when multiple-disorder
version of the model is better, we focused our second test on the relation-
ship between the number of records in the database for each class and the
diagnostic accuracy within that class.

Fig. 5 shows the relationship between the number of records for a particu-
lar disorder and the system accuracy in diagnosing this disorder for windows
of size 1 (i.e., the most likely disorder) and 4 (the true diagnosis is among
the four most likely diagnoses). It is clear that accuracy increases signifi-
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Fig. 4. Diagnostic accuracy per disorder of the single-disorder and the multiple-
disorder models

cantly with the number of data records. Disorders with more than 50 records
present in the database showed quite high diagnostic accuracy. Another in-
teresting result is that the multiple-disorder model performed often better
than the single-disorder model for those disorders that have many records.
This promises a higher diagnostic value of our approach when the available
data set is sufficiently large, i.e., when the quality of parameters is high.
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Fig. 5. Diagnostic accuracy as a function of the number of disorder cases in the
database (class size) of the single-disorder and the multiple-disorder models for the
one-disorder and four-disorder window cases

6 Discussion

The exercise that we went through shows that Bayesian network models
readily accommodate multiple-disorder diagnoses. It was relatively easy to
derive the multiple-disorder version of the model from the existing single-
disorder version. We estimate that the total time spent with the expert was
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less than 10 hours. Of course, some of the reduction in time, compared to the
original model, can be explained by our increased modeling proficiency.

While the performance of the multiple-disorder diagnosis version of the
model is only slightly better than the single-disorder diagnosis version, we
should keep in mind that the two models were compared on a task for which
the latter is specialized. Furthermore, the data that we learned our parame-
ters from were single-disorder data.

We believe that pure diagnostic performance, in terms of the percentage
of correct diagnoses, is in itself not an adequate measure of quality of a
medical decision support system. In the domain of medicine, the physician
user carries the ultimate responsibility for the patient and he or she will be
unwilling to accept a system’s advice without understanding it. The effort
described in this paper is a further step towards making our model mimic the
causal structure of the domain. While a causal model may perform worse in
numerical terms than a regression-based model (if it does at all; this remains
an empirical question), it offers three important advantages: (1) its intuitive
and meaningful graphical structure can be examined by the user, (2) the
system can automatically generate explanations of its advice that will follow
the model structure and will be reasonably understandable, and (3) the model
can be enhanced with expert opinion; interactions absent from the database
can be added based on knowledge of local causal interactions with the existing
parts and can be parameterized by expert judgment.

Our future work includes expert verification of the probability distribu-
tions of those nodes that have several disorder nodes as parents. As we men-
tioned above, these parameters cannot be learned from our data and the
arbitrary assumptions that we made in the learning process may have had
a negative effect on diagnostic performance of the system. At a later stage,
we plan to replace most of the interactions by parametric probability dis-
tributions, such as Noisy-OR gates. We expect that this will increase the
model performance even further. We also plan to elaborate on the disorder-
to-disorder dependencies. This information is lacking from the database, so
here again we will have to rely on expert judgment.
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