
Effect of Imprecision in Probabilities on Bayesian Network Models:
An Empirical Study

Agnieszka Onísko
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Abstract

While most knowledge engineers believe that
the quality of results obtained from Bayesian
networks is not too sensitive to imprecision in
probabilities, this remains a conjecture with
only modest empirical support. Our work
on a Bayesian network model for diagnosis
of liver disorders, Hepar II, presented us
with an opportunity to test this conjecture
in a practical setting. We present the results
of an empirical study in which we system-
atically introduce noise in Hepar II’s prob-
abilities and test the diagnostic accuracy of
the resulting model. We replicate an exper-
iment conducted by Pradhan et al. [13] and
show that Hepar II is more sensitive to noise
in parameters than the CPCS network that
they examined. Our data show that the diag-
nostic accuracy of the model deteriorates al-
most linearly with noise. While our result is
merely a single data point that sheds light on
the hypothesis in question, we suggest that
Bayesian networks are more sensitive to the
quality of their numerical parameters than
popularly believed.

1 Introduction

Decision-analytic methods provide an orderly and co-
herent framework for modeling and solving decision
problems in intelligent systems [4]. A popular model-
ing tool for complex uncertain domains is a Bayesian
network [12], an acyclic directed graph quantified by
numerical parameters and modeling the structure of
a domain and the joint probability distribution over
its variables. There exist algorithms for reasoning in
Bayesian networks that typically compute the poste-
rior probability distribution over some variables of in-
terest given a set of observations. Because these al-
gorithms are mathematically correct, they essentially
solve the underlying model. Hence, the ultimate qual-
ity of reasoning depends directly on the quality of

this model and its parameters. These parameters are
rarely precise, as they are often based on subjective
estimates. Even if they are based on statistics, these
may not be directly applicable to the decision model
at hand and not fully trusted.

Search for those parameters whose values are crit-
ical for the overall quality of decisions is known as
sensitivity analysis. Sensitivity analysis studies how
much a model output changes as various model pa-
rameters vary through the range of their plausible
values. It allows to get insight into the nature of
the problem and its formalization, helps in refining
the model so that it is simple and elegant (contain-
ing only the factors that matter), and checks the need
for precision in refining the numbers [16]. Several re-
searchers proposed efficient algorithms for performing
sensitivity analysis in Bayesian networks (e.g., [1; 2;
3; 5]).

There is no doubt that it is theoretically possible
that small variations in a numerical parameter cause
large variations in the posterior probability of inter-
est. Van der Gaag and Renooij [15] found that net-
works may indeed contain such parameters. Because
practical networks are often constructed with only
rough estimates of probabilities, a question of prac-
tical importance is whether overall imprecision in net-
work parameters is important. If not, the effort that
goes into polishing network parameters might not be
justified, perhaps with the exception of some small
number of critical parameters. Furthermore, quali-
tative schemes might perform well without the need
for precise, numerical estimates. Conversely if net-
work results are sensitive to the precise values of prob-
abilities, it is unlikely that qualitative schemes will
match the performance of quantitative problem speci-
fication. There is a popular belief, supported by some
anecdotal evidence, that Bayesian network models are
overall quite tolerant to imprecision in their numeri-
cal parameters. Pradhan et al. [13] tested this on a
large medical diagnostic model, the CPCS network [6;
14]. Their key experiment focused on systematic intro-
duction of noise in the original parameters (assumed
to be the gold standard) and measuring the influence



of the magnitude of this noise on the average poste-
rior probability of the true diagnosis. They observed
that this average was fairly insensitive to even very
large noise. This experiment, while thought provok-
ing, had two weaknesses. The first of these, pointed
out by Coupé and van der Gaag [3], is that the ex-
periment focused on the average posterior rather than
individual posterior in each diagnostic case and how
it varies with noise, which is of most interest. The
second weakness is that the posterior of the correct
diagnosis is by itself not a sufficient measure of model
robustness. Practical model performance will depend
on how these posteriors are used. In order to make a
rational diagnostic decision, for example, one needs to
know at least the probabilities of rival hypotheses (and
typically the joint probability distribution over all dis-
orders). Only this allows for weighting the utility of
correct against the dis-utility of incorrect diagnosis. If
the focus of reasoning is differential diagnosis, it is of
importance to observe how the posterior in question
compares to the posteriors of competing disorders. Ef-
fectively, the question whether actual performance of
a Bayesian network model is robust to imprecision in
its numerical parameters remains open.

Our earlier work on a Bayesian network model for
diagnosis of liver disorders, Hepar II [9; 10], pre-
sented us with an excellent opportunity to shed some
light on this question in a practical setting. In this
paper, we present the results of an empirical study in
which we systematically introduce noise in Hepar II’s
probabilities and test the diagnostic accuracy of the
resulting model. Similarly to Pradhan et al. [13], we
assume that the original set of parameters and the
model’s performance are ideal. Noise in the original
parameters leads to deterioration in performance. The
main result of our analysis is that noise in numerical
parameters starts taking its toll from the very begin-
ning and not, as suggested by Pradhan et al., only
when it is very large. Because Hepar II is a med-
ical diagnostic model, we also study the influence of
noise in each of the three major classes of variables:
(1) medical history, (2) physical examination, (3) lab-
oratory tests, and (4) diseases, on the diagnostic per-
formance. Although the differences here were rather
small, it seemed that noise in the results of laboratory
tests was most influential for the diagnostic perfor-
mance of our model. While our result is merely a
single data point that sheds light on the hypothesis
in question, we suggest that Bayesian networks may
be more sensitive to the quality of their numerical pa-
rameters than popularly believed.

The remainder of this paper is structured as follows.
Section 2 provides a brief overview of the Hepar II
model. Section 3 describes our experimental setup
and the results of our experiments. Finally, Section 4
discusses our results in light of previous work and also
offers some insight into the problem of sensitivity of
Bayesian networks to imprecision in their numerical
parameters.

Figure 1: A simplified fragment of the Hepar II net-
work

2 The Hepar II model

The Hepar II project [9; 10] aims at applying
decision-theoretic techniques to the problem of di-
agnosis of liver disorders. Its main component is a
Bayesian network model involving over 70 variables.
The model covers 11 different liver diseases and 61
medical findings, such as patient self-reported data,
signs, symptoms, and laboratory tests results. The
structure of the model, (i.e., the nodes of the graph
along with arcs among them) was built based on
medical literature and conversations with our domain
expert, a hepatologist Dr. Hanna Wasyluk and two
American experts, a pathologist, Dr. Daniel Schwartz,
and a specialist in infectious diseases, Dr. John N.
Dowling. The elicitation of the structure took ap-
proximately 50 hours of interviews with the experts,
of which roughly 40 hours were spent with Dr. Wa-
syluk 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 structure of the model consists of
121 arcs and the average number of parents per node
is equal to 1.73. There are on average 2.24 states per
variable. In the version used in our experiments, none
of the gates was a canonical gate, such as Noisy-OR
or Noisy-MAX (although experiments on Hepar II
conducted elsewhere [17] showed that as many as 50%
of the gates with the parents could be approximated
reasonably well by Noisy-MAX gates). Figure 1 shows
a simplified fragment of the Hepar II network.

The numerical parameters of the model (there are
1,488 of these in the most current version), i.e.,
the prior and conditional probability distributions,
were learned from the Hepar database. The Hepar
database, was created in 1990 and thoroughly main-
tained since then at the Gastroentorogical Clinic of
the Institute of Food and Feeding in Warsaw. The cur-
rent database contains over 800 patient records and its
size is steadily growing. Each hepatological case is de-
scribed by over 160 different medical findings, such as
patient self-reported data, results of physical examina-
tion, laboratory tests, and finally a histopathologically
verified diagnosis. The version of the Hepar data set,
available to us, consisted of 699 patient records.

As the current paper focuses on the model perfor-



mance as a function of noise in its numerical param-
eters, we owe the reader an explanation of the met-
ric that we used to test the model performance. We
focused on diagnostic accuracy, which we defined as
the percentage of correct diagnoses on real patient
cases in the Hepar database. Because we used the
same database to learn the model parameters, we
applied the method of “leave-one-out” [7], which in-
volved repeated learning from 698 records out of the
699 records available and subsequently testing it on
the remaining 699th record. When testing the diag-
nostic accuracy of Hepar II, we were interested in
both (1) whether the most probable diagnosis indi-
cated by the model is indeed the correct diagnosis, and
(2) whether the set of w most probable diagnoses con-
tains the correct diagnosis for small values of w (we
chose a “window” of w=1, 2, 3, and 4). The latter
focus is of interest in diagnostic settings, where a de-
cision support system only suggest possible diagnoses
to a physician. The physician, who is the ultimate
decision maker, may want to see several alternative
diagnoses before focusing on one.

With diagnostic accuracy defined as above, the most
recent version of the Hepar II model reached the di-
agnostic accuracy of 57%, 69%, 75%, and 79% for win-
dow sizes of 1, 2, 3, and 4 respectively [11]. The model
compared very favorably against medical practitioners
on a randomly selected 10 patient cases [8]. More de-
tails about the performance of Hepar II model can
be found in [9; 10].

For the purpose of our experiments, we assumed
that the model parameters were perfectly accurate and
effectively, the diagnostic performance achieved was
the best possible. In the experiments we study how
this baseline performance degrades under the condi-
tion of noise. Of course, in reality the parameters of
the model may not be accurate and the performance
of the model can be improved upon.

3 Experimental results

We have performed several experiments to investigate
how noise introduced into network parameters affects
the diagnostic accuracy of Hepar II. To that effect,
we have successively created various versions of the
model with different levels of noise and tested the per-
formance of these models. The following sections de-
scribe the noise generation and the observed results.

3.1 Replication of the experiments of
Pradhan et al.

As a starting point, we replicated the experiment per-
formed by Pradhan et al. [13] on the Hepar II model.
The original experiment investigated the robustness
of a very large medical diagnostic network, CPCS [6;
14], to noise in numerical parameters. The noise was
introduced by transforming each original probability
into log-odds function, adding normal noise with a
standard deviation σ, and transforming it back to

Figure 2: The average posteriors for the true diagnoses
as a function of σ

Figure 3: The posterior probabilities of Hepar II dis-
orders as a function of σ on a single patient case

probability, i.e.,

p′ = Lo−1[Lo(p) + Normal(0, σ)] (1)

where

Lo(p) = log10[p/(1− p)] . (2)

The original experiment involved only binary vari-
ables and the transformation yielded a valid probabil-
ity. In our case, many model variables were not binary.
We added a normalization step — after transforming
all probabilities within a distribution, we made sure
that they add up to 1.0. Similarly to Pradhan et al.,
we derived the posterior probability assigned by the
Hepar II network to the true diagnosis, averaged over
the set of test cases for σ ∈< 0.0, 3.0 > with 0.1 in-
crements.

The results, shown in Figure 2, indicate, similarly
to Pradhan et al., that the average posteriors are not
sensitive to accuracy in probabilities. These posteriors
actually increased with the increase in σ. We believe
that this is due to an overall increase in a priori prob-
abilities of all diseases. The prevalence of each of the
disease is rather small and noise typically increases
it (please note that Hepar II is a multiple-disorder
model).

We have subsequently studied how individual pos-
teriors of all disorders included in the model change



Figure 4: The diagnostic accuracy as a function of σ

as a function of noise. Here we observed that not
only the probabilities, but also the order between them
changes, demonstrating that average over all runs does
not reflect sensitivity well. Figure 3 shows a plot of
posterior probabilities of the 11 disorders as a func-
tion of noise on a single patient case. This case is
quite representative for the cases we examined. We
can see that the posterior probabilities change with
the noise to the point of changing the order of the
most probable diagnoses.

3.2 Effect of noise on Hepar II’s
diagnostic performance

Our next experiment studied Hepar II performance
under the noise conditions described in the previous
section. We tested each of the 30 versions of the net-
work (each for a different standard deviation of the
noise σ ∈< 0.0, 3.0 > with 0.1 increments) on the set
of test cases and computed its diagnostic accuracy,
plotted in Figure 4 for different values of window size
as a function of σ.

It is clear that the diagnostic performance deteri-
orates for even smallest values of noise. This result
is quite different from that reported in the previous
section (Figure 2). It shows that the measure adopted
by Pradhan et al. may not reflect well the practical
performance of the model.

3.3 Partial noise

Given a medical diagnostic model, it is of interest to
know which of the semantically distinct parts of the
model (i.e., medical history, physical examination, dis-
ease prevalence, and laboratory results) are most cru-
cial for the network performance. We addressed this
question by introducing noise in these parts only and
studying the resulting performance.

Figure 5 shows the diagnostic accuracy of the model
for noise in each part of the network as a function of σ.
We can observe that noise in the results of laboratory
tests impacts the diagnostic performance of our model
most.

Figure 5: The diagnostic accuracy of the model as a
function of σ (w=1).

4 Discussion

This paper has studied the influence of precision in
parameters on model performance in the context of
a practical medical diagnostic model, Hepar II. Our
study has shown that the performance of Hepar II
is sensitive to noise in numerical parameters, i.e., the
diagnostic accuracy of the model decreases after intro-
ducing noise into numerical parameters of the model.
The main result of our analysis is that noise in nu-
merical parameters starts taking its toll from the very
beginning and not, as suggested by Pradhan et al.,
only when it is very large. We believe that there are
two possible explanations of this difference. The first
and foremost is that Pradhan et al. used a different cri-
terium for model performance — the average posterior
probability of the correct diagnosis. We focused on
the diagnostic performance of the model. Another, al-
though perhaps a less influential factor, may be differ-
ences between our models. The CPCS network used
by Pradhan et al. consisted of only Noisy-OR gates,
which may behave differently than general nodes. In
Hepar II only roughly 50% of all nodes could be ap-
proximated by Noisy-MAX.

We have also studied the influence of noise in each
of the three major classes of variables: (1) medical
history, (2) physical examination, (3) laboratory tests,
and (4) diseases, on the diagnostic performance. It
seemed that noise in the results of laboratory tests was
most influential for the diagnostic performance of our
model. This can be explained by the high diagnostic
value of laboratory tests. This value decreases with
the introduction of noise.

The results of our experiment touch the founda-
tions of qualitative modeling techniques. As quali-
tative schemes base their results on approximate or
abstracted measures, one might ask whether their per-
formance will match that of quantitative schemes, ei-
ther in terms of their strength or the correctness of
their results.

While our result is merely a single data point that
sheds light on the hypothesis in question, we sug-
gest that Bayesian networks may be more sensitive to



the quality of their numerical parameters than popu-
larly believed. We argue that further empirical stud-
ies of this topic should use hard context-dependent
performance measures (such as the quality or correct-
ness of system’s recommendation). Alternatively, one
might use measures such as admissible deviation (a
change in probability that does not impact the order
of most likely diagnoses) proposed by van der Gaag
and Renooij [15].
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