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ABSTRACT
Among the tasks involved in building a Bayesian net-
work, obtaining the required probabilities is generally
considered the most daunting. Available data collec-
tions are often too small to allow for estimating reliable
probabilities. Most domain experts, on the other hand,
consider assessing the numbers to be quite demand-
ing. Qualitative probabilistic knowledge, however, is
provided more easily by experts. We propose a method
for obtaining probabilities, that uses qualitative expert
knowledge to constrain the probabilities learned from a
small data collection. A dedicated elicitation technique
is designed to support the acquisition of the qualitative
knowledge required for this purpose. We demonstrate
the application of our method by quantifying part of a
network in the field of classical swine fever.

Categories and Subject Descriptors: I.2.6 [Arti-
ficial Intelligence]: Learning – Knowledge acquisition,
parameter learning

General Terms: Design

Keywords: Bayesian networks, interview techniques,
probability estimation, uncertainty

1. INTRODUCTION
The formalism of Bayesian networks is used more and
more often for representing knowledge in domains of
application in which uncertainty is predominant [7]. A
Bayesian network is a concise representation of a joint
probability distribution, consisting of a graphical part
and an associated numerical part. The graphical part
represents the relevant variables in the domain, along
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with their interrelations. The numerical part models
the strengths of these relations, by means of conditional
probability distributions.

The construction of Bayesian networks is usually done
with the help of domain experts. The task of elicit-
ing the variables of importance as well as their interre-
lations from experts is comparable, to at least some
extent, to knowledge engineering for other artificial-
intelligence representations [5]. Although it may require
significant effort, it is generally considered doable. The
task of obtaining all required probabilities, on the other
hand, is highly specific for probabilistic models and is
commonly acknowledged to be more daunting.

Obtaining the probabilities required for a Bayesian net-
work is relatively easy in data-rich application domains,
where large data collections are available. These collec-
tions retrospectively document every-day problem solv-
ing and thereby contain highly valuable information
about the relations between the variables in the do-
main. A comprehensive data collection is expected to
embed all intricacies in the domain and to faithfully
reflect the probability distribution over the variables.
If such a data collection is available, therefore, reliable
probabilities for the network under construction can be
extracted from the data.

In many application domains, unfortunately, no com-
prehensive data collections are available. Often, at least
some data have been collected, but these data are few.
These data may moreover be biased by the data-collect-
ion strategies used or by the purpose for which they
have been collected. With an insufficiently large data
collection, the various subsets from which probabilities
are estimated can be empty or too small to allow for
meaningful numbers. Since the probabilities obtained
from a relatively small data collection tend to be insuf-
ficiently reliable, common practice in building Bayesian
networks is to not use the data at all and to exploit the
knowledge and experience of experts in the domain of
application as the only source of probabilistic informa-



tion. The problems encountered when directly eliciting
probabilities from human experts, however, are widely
known [8, 9]. In addition to the task being hard on the
part of the expert and highly time consuming, the as-
sessments obtained tend not to be properly calibrated.

While human experts tend to feel uncomfortable ex-
pressing their knowledge and experience in terms of
probabilities and are known to provide imperfectly cal-
ibrated assessments, they typically are able to state
probabilistic information of a semi-numerical or qual-
itative nature with relative conviction and clarity, and
with less cognitive effort [2, 11]. Experts, for example,
can often easily indicate which of two probabilities is
smallest. In addition to requiring less cognitive effort,
such relative judgements tend to be more reliable than
direct numerical assessments [9].

Building upon the above observations, we designed a
new method for obtaining the probabilities required for
a Bayesian network. The basic idea of the method is
to combine qualitative information about probabilities,
obtained from domain experts, with the numerical in-
formation that is available from a (relatively small) data
collection. Informally speaking, the elicited qualita-
tive knowledge, which in essence is a probability order,
serves as a framework that is filled in quantitatively by
numbers estimated from the data. By thus combining
the two types of information, we circumvent the need of
directly eliciting numbers from experts: they just have
to provide qualitative information about the probabil-
ities. By exploiting the elicited order to constrain the
estimates obtained from the data, the resulting proba-
bilities match the experts’ intuitions. The constructed
network, as a consequence, is less likely to exhibit rea-
soning behaviour that is counterintuitive to the experts,
leading to a higher acceptance.

In this paper, we describe our method for combining
expert knowledge with data. Our method consists of
two phases. First the qualitative knowledge, which in
essence is a probability order, is elicited from a domain
expert. The elicited order is then used, in the second
phase, for constraining the probabilities to be estimated
from a data collection. To support the knowledge engi-
neer in the acquisition of probability orders, we designed
a dedicated elicitation technique. We demonstrate the
application of our method by quantifying part of a net-
work in the field of classical swine fever.

The remainder of the paper is structured as follows.
Section 2 briefly introduces Bayesian networks and the
domain of classical swine fever. Section 3 presents our
technique for eliciting qualitative knowledge. Section 4
shows how the elicited knowledge is used to constrain
the estimated probabilities. Our experiences with the
method in the field of classical swine fever are discussed
in Section 5. The paper ends with our conclusions.

2. PRELIMINARIES
We briefly review the formalism of Bayesian networks
and introduce the network that we are currently de-
veloping for the early detection of classical swine fever.
Classical swine fever is an infectious viral disease of pigs,
which may have serious socio-economic consequences
upon an outbreak in pig herds. The network is being
built in close cooperation with three domain experts,
who are the last three authors of the present paper.
Part of the network pertains to the consistency of fae-
ces in pigs. The faeces of pigs may have abnormal con-
sistency due to three causes: the presence of enteritis,
which is an infection of the intestinal mucous membrane
of the pig, a high body temperature, and unbalanced
feed. Figure 1 shows the domain knowledge involved,
represented in the formalism of Bayesian networks.

A Bayesian network is a model of a joint probability
distribution over a set of stochastic variables [7]. It
consists of a graphical structure and a set of associ-
ated probabilities. The nodes in the structure repre-
sent stochastic variables; in this paper, we assume all
variables to be binary. The structure from Figure 1,
for example, contains the variable C , representing the
consistency of faeces in pigs; we use c to indicate ab-
normal faeces and c̄ for normal faeces. The variable E
models the presence or absence of enteritis, indicated
by e and ē, respectively. The body temperature of a
pig is modelled by the variable B; b and b̄ represent
a high and a normal body temperature, respectively.
The composition of the pig’s feed is represented by the
variable F , where f indicates unbalanced feed and f̄
denotes balanced feed. The arcs between the variables
in the structure represent the presence of probabilistic
influences between these variables. The arc E → C in
Figure 1, for example, indicates that there is a direct
influence between the two variables; E is referred to as
the parent of C in the network. A combination of values
for the parents of a variable is referred to as a parent
configuration.

Associated with the graphical part of a network are nu-
merical quantities from the modelled probability distri-
bution: with each variable are specified the conditional
probabilities of its values, given its possible parent con-
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p(e) = 0.75
p(b) = 0.21

p(f) = 0.185

p(c | eb̄f̄) = 0.9

p(c | ēbf̄) = 0.2
p(c | ēb̄f) = 0.1
p(c | ēb̄f̄) = 0.01

p(c | ebf̄) = 0.96
p(c | eb̄f) = 0.95

p(c | ēbf) = 0.25p(c | ebf) = 0.99

Figure 1: Part of a Bayesian network in the field
of classical swine fever
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Figure 2: The variable C and its parents

figurations. For the variable C from our example, the
probabilities p(C | EBF ) describe the joint effect of val-
ues for E, B and F , on the probabilities of C ’s values.
More informally, they represent the probability of ab-
normal faeces in pigs, for all combinations of the three
causes. From the probabilities in Figure 1 we learn,
for example, that abnormal faeces are unlikely to result
from another cause than the three causes mentioned
above: the associated probability p(c | ēb̄f̄) equals 0.01.
Furthermore, in the presence of enteritis, abnormal fae-
ces is somewhat more likely to occur in pigs with a high
body temperature that took balanced feed than in pigs
with a normal body temperature that took unbalanced
feed; the associated probabilities are 0.96 and 0.95, re-
spectively. Our Bayesian network under construction
currently contains 43 variables; the numerical part of
the network includes some 2400 probabilities.

3. ELICITING PROBABILITY ORDERS
The first phase of our method is to elicit qualitative
knowledge about probabilities from an expert in the
domain of application; the elicited knowledge will be
used in the second phase for constraining the proba-
bility estimates from a data collection. The knowledge
to be acquired in the first phase concerns an order of
the conditional probabilities required for the network
under construction. We consider, as an example, the
variable C and its parents A and B, as depicted in
Figure 2. In the example, we denote the two values
of A by a and ā, respectively; the values of the par-
ents B and C are defined analogously. We now aim
to elicit a (possibly partial) order of the conditional
probabilities p(c | AB); an example of such an order
is p(c | ab) ≥ p(c | āb) ≥ p(c | ab̄) ≥ p(c | āb̄).

For acquiring probability orders from an expert, we de-
signed a dedicated elicitation technique, that is directed
at minimising the cognitive effort required from the ex-
pert. Since reasoning in terms of frequencies is generally
perceived as less demanding than reasoning in terms of
probabilities [4], we use the frequency format for pre-
senting the probabilities to be ordered to the expert.
As an example, we consider again the structure from
Figure 2. The probabilities p(c | ab) and p(c | āb̄) equal

p(c | ab) =
number of cases in which cab holds

number of cases in which ab holds

p(c | āb̄) =
number of cases in which cāb̄ holds

number of cases in which āb̄ holds

A group of 100 pigs with:

Enteritis: yes
Body temperature: normal
Feed: balanced

Figure 3: A case card in the domain of classical
swine fever

The conditional probability p(c | ab) thus is the relative
frequency of cases with c among the cases in which ab
holds. Since the precise numbers are not relevant for
the ordering task, we take the number of cases in which
ab holds to be equal to the number of cases in which āb̄
holds. By doing so, we render the task of comparing the
relative frequencies practicable for the expert: assign-
ing an order to the probabilities p(c | ab) and p(c | āb̄)
now amounts to establishing which of the two groups of
cases, in which ab and āb̄ holds, respectively, contains
the largest number of cases in which also c holds. The
ordering task is made more concrete for the expert by
assigning the groups a fixed size, based on the charac-
teristics of the domain.

To further reduce the cognitive effort that is asked of
the expert in the ordering task, the various groups of
cases are presented on case cards, for visual reference.
For convenience of comparison, the information on each
card is represented in an easily surveyable manner. An
example case card in the domain of classical swine fever
is shown in Figure 3. Now, for the structure from Fig-
ure 2, an order is to be obtained of the probabilities
p(c | ab), p(c | ab̄), p(c | āb) and p(c | āb̄). A case
card is constructed for each of the four groups of cases
described above; the resulting four case cards are pre-
sented to the expert, who is asked to assign an order to
the groups according to the number of cases in which c
holds. This question is verbally posed, yet is also pre-
sented on a question card, again for visual reference.

Now, in performing the ordering task, the domain ex-
pert visualises (provisional) orders by arranging the case
cards on a table. The visualisation enables the expert
to maintain an overview of the order relations assigned
so far. The possibility to shove the cards around allows
for flexibility in changing the order relations. The case
cards in addition facilitate an easy division of the order-
ing task in subtasks, for example for pairwise compar-
isons. Most experts find the method of pairwise com-
parison easy to use and tend to provide reliable informa-
tion using the method [9]. We would like to note that
the number of properties used for describing a group on
a case card should be restricted, since the number of
items that people are capable of processing simultane-
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Figure 4: Example partial orders

ously, is limited [10]. We observe that the number of
properties is equal to the number of parents of the vari-
able under consideration. Now, in a real-life Bayesian
network, this number is restricted anyhow, to guarantee
a feasible running time of probabilistic inference.

An expert may not always be able to assign a total or-
der to the probabilities under study. We therefore also
allow for partial orders, thus creating the possibility for
the expert to indicate that he does not know the order
relations between two or more cards. The expert there-
fore is never forced to assign order relations that he feels
uncomfortable with. Unlike total orders, partial orders
cannot be visualised by simply arranging the cards as
a sequence. Arranging the cards in a two-dimensional
area, however, may introduce ambiguity about the ex-
act order meant by the expert. We consider, for exam-
ple, the arrangement from Figures 4(a) and (b), where
the squares represent the cards. This arrangement can
be interpreted in various ways, as illustrated by the arcs
in the figures, where an arc from one card to another
indicates that the frequency on the former card imme-
diately precedes that on the latter card in the order.
We therefore provide for visualising the order relations
explicitly by cards depicting arrows; we feel that arrows
are more easy to perceive than text, and more easy to
interpret than mathematical symbols. Note that the
arrow cards are needed only in case of partial orders.

With our elicitation method, we ask a domain expert to
provide a probability order that is not intended to be
strict. We feel that enforcing strict orders would render
the task more demanding on the expert and, hence,
would result in additional “don’t know’s”, or partial
orders. If the expert is convinced of the equality of two
frequencies, this relation can easily be made explicit by
piling the associated case cards.

We would like to note that the idea of using case cards
that describe frequencies rather than probabilities, has
been introduced before [6]. The two elicitation tech-
niques differ considerably, however, since they are aimed
at obtaining quite different types of (qualitative) knowl-
edge. We note, for example, that there exist total orders
that cannot be elicited using the technique described
before [6]; these orders were not relevant for the goal
for which that particular technique was designed. All

possible orders can be acquired using the technique de-
scribed in the present paper, however. We further note
that the former technique built on the assumption that
a domain expert is always able to indicate a total or-
der. In contrast, our present technique allows for partial
orders and for explicit equalities.

4. LEARNING PROBABILITIES WITH
ORDER CONSTRAINTS

In the second phase of our method, the order relations
specified by the domain expert are used as constraints
on the probability estimates that are extracted from the
available data collection. The general idea is to first es-
timate the probabilities from the data without using the
constraints. If the estimates happen to satisfy the order
relations, then no adjustments are made. Otherwise,
the estimates are adjusted so as to satisfy the elicited
relations. We argue that, since the adjusted estimates
satisfy the expert’s qualitative knowledge, the resulting
network is less likely to exhibit counterintuitive reason-
ing behaviour. Furthermore, empirical evidence indi-
cates that the adjusted estimates give a better fit of the
true (unknown) probability distribution, if the elicited
order is consistent with this distribution [3].

We consider again the graphical structure from Fig-
ure 2, representing the variable C and its parents A
and B. For this structure, we need to obtain the con-
ditional probabilities p(c | ab), p(c | āb), p(c | ab̄), and
p(c | āb̄). The unrestricted maximum-likelihood esti-
mates of these probabilities are learned from the data
collection; henceforth, we refer to these unrestricted es-
timates as the basic estimates. The basic estimate for
the probability p(c | ab), for example, is given by

p̂(c | ab) =
number of records in which cab holds

number of records in which ab holds

The basic estimates for the remaining three probabil-
ities are defined analogously. The basic estimate of
the probability of c given a specific parent configuration
thus is the relative frequency of records with c among
the records with the given parent configuration. Note
that the basic estimates are indeed estimates for the
conditional probabilities stated in Section 3.

The basic estimates obtained from the data collection
may not satisfy the order that was elicited from the ex-
pert. Especially for smaller data collections, violations
of the elicited relations are likely to occur. We now ad-
just the basic estimates to meet the expert’s intuition,
in a mathematically justified manner. For this purpose,
we use an algorithm by Brunk [1] (see also [12], pp. 24-
25), called the minimum lower sets (MLS) algorithm.
This algorithm produces maximum-likelihood estimates
from the data, subject to the constraint that these must
satisfy the expert’s order relations. In other words, of
all estimates that satisfy these order relations, the ones
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(a, b̄)

(a, b)

Figure 5: Order on parent configurations

produced by the algorithm give the highest probabil-
ity of the observed data. We henceforth refer to these
estimates as the order-constrained estimates .

We illustrate the MLS algorithm by means of our exam-
ple from Figure 2. Suppose that the expert has specified
the order given in Figure 5. The tuples in the figure in-
dicate the four parent configurations for the variable
C. An arc from one configuration to another indicates
that, within the order, the probability of c given the
former configuration immediately precedes that given
the latter configuration. The constraints on the proba-
bilities of c given the various parent configurations that
are derived from this order thus are

(1) p(c | āb̄) ≤ p(c | āb)
(2) p(c | āb̄) ≤ p(c | ab̄)
(3) p(c | āb) ≤ p(c | ab)
(4) p(c | ab̄) ≤ p(c | ab)

Now suppose that in addition we have a data collection
containing 54 observations on the variables C, A and
B. In the left part of Table 1, containing a cell for
each parent configuration, each cell specifies the relative
frequency of observations in the data collection with
that parent configuration, that also have c. Note that
the basic estimates obtained from the data are equal
to these relative frequencies. We observe that the basic
estimates violate the order constraints (1) and (2), since
p̂(c | āb̄) = 2/4 = 0.5 > p̂(c | āb) = 4/16 = 0.25, and
p̂(c | āb̄) = 0.5 > p̂(c | ab̄) ≈ 0.33.

The MLS algorithm now resolves the identified viola-
tions among the basic estimates by taking the weighted
average of the estimates over as few conflicting cells as
possible, and subsequently assigning this weighted av-
erage as the order-constrained estimate to each of those
cells. Note that setting two conflicting basic estimates
to the same value always serves to resolve the conflict,
since the inequalities to be satisfied are not strict. In
our example, the violations of the order constraints (1)

Table 1: Basic (left) and order-constrained
(right) estimates for the first example

b̄ b
ā 2/4 4/16
a 8/24 8/10

b̄ b
ā 6/20 6/20
a 8/24 8/10

Table 2: Basic (left) and order-constrained
(right) estimates for the second example

b̄ b
ā 2/4 4/16
a 6/24 8/10

b̄ b
ā 12/44 12/44
a 12/44 8/10

and (2) are resolved by averaging the basic estimates
p̂(c | āb̄) and p̂(c | āb). Note that the weighted average is
computed by adding the numerators and denominators,
respectively, of the relative frequencies in the cells in-
volved. We then obtain p∗(c | āb̄) = p∗(c | āb) = 6/20 =
0.3, where p∗ is used to denote the order-constrained es-
timates produced by the algorithm. Note that in com-
puting the average, the basic estimate p̂(c | āb) is as-
signed a higher weight than p̂(c | āb̄), because it is based
on more observations and therefore has a higher preci-
sion. Most likely the identified violations are due to an
overestimate of p(c | āb̄) based on relatively few obser-
vations. By the adjustment of the estimates p̂(c | āb̄)
and p̂(c | āb), all order constraints have been satisfied.
No further adjustments are required, therefore. The al-
gorithm thus sets p∗(c | ab̄) = p̂(c | ab̄) = 0.33 and
p∗(c | ab) = p̂(c | ab) = 0.8. The resulting order-
constrained estimates are summarised in the right part
of Table 1.

As a second example, we consider the basic estimates
in the left part of Table 2. The basic estimates again
violate the order constraints (1) and (2), but this time
they cannot be resolved simultaneously by averaging
p̂ over just one of the sets of cells {(ā, b̄), (ā, b)} and
{(ā, b̄), (a, b̄)}. The violations now are resolved by tak-
ing the weighted average of the basic estimates from
the cells (ā, b̄), (ā, b), and (a, b̄); the algorithm sets
p∗(c | āb̄) = p∗(c | āb) = p∗(c | ab̄) = 12/44 ≈ 0.27,
and p∗(c | ab) = p̂(c | ab) = 0.8. For a more detailed
description of the MLS algorithm and its application to
learning probabilities in Bayesian networks, we would
like to refer to [3].

5. EXPERIENCES WITH OUR METHOD
We have applied our method for quantifying various
parts of our Bayesian network in the domain of classi-
cal swine fever. We first elicited the probability orders
for various parts of the network. The elicited order rela-
tions were then used to constrain the probabilities that
were extracted from a small data collection.

5.1 Eliciting probability orders
In a single knowledge-acquisition session, we elicited the
probability orders for various parts of our network. Two
of the domain experts involved in building the network
were present; the orders were elicited from one of them.
Among the knowledge engineers, one conducted the in-
terview; the other two were observers.
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Figure 6: Order on parent configurations in the
domain of classical swine fever

The expert was asked to provide probability orders for
three parts of the network, consisting of a variable and
two or three parents. The ordering tasks were preceded
by a verbal instruction, that illustrated the basic idea
of what was expected of the expert by an example. The
example was taken from a domain other than classical
swine fever, to prevent any bias. For the same reason,
the purpose of the task was not explained to the domain
expert beforehand.

We now focus on the elicitation of a probability order for
the graphical structure depicted in Figure 1; we recall
that this part of the network models the consistency
of a pig’s faeces being influenced by the presence or
absence of enteritis, the pig’s body temperature, and
the composition of its feed. The probabilities in the
figure were not shown to the domain expert during the
elicitation; we will comment on this issue shortly. For
this part of the network, eight probabilities had to be
ordered; one of the cards that we prepared for this task,
was shown in Figure 3. The cards were presented to the
expert as a set instead of one-by-one, to prevent any
suggestion of a pre-existing order. The expert was asked
to order the groups on the case cards according to their
number of pigs with abnormal faeces. The expert was
further handed a question card; apart from the ordering
question, the card contained reminders of what to do
in case of equal numbers and “don’t know’s”. Arrow
cards of various sizes were also made available to the
expert. Figure 6 shows the order that was provided by
the expert, again in terms of parent configurations.

During the session, the expert ordered sets of four to
twelve case cards. He performed each of the ordering
tasks in 40 seconds up to about 7.5 minutes. The order
in Figure 6 was assigned in four minutes, for example.
Ordering the largest set, containing twelve case cards,
took 7.5 minutes. In ordering these twelve cards, he
explicitly divided the overall task in smaller subtasks.
First he organised the cards into three columns, accord-
ing to the three possible values of one of the proper-
ties described on the cards. Next, the cards from each
column separately were ordered, after which they were
merged into an overall order. Although for several parts
of the network a partial order was elicited, the domain
expert decided not to use the arrow cards to visualise
the order relations. The arrangements of the cards on
the table appeared to be sufficient.

At the end of the interview, the domain expert indi-
cated that he had perceived the ordering tasks as “neu-
tral”, that is, as not particularly difficult or easy. The
cards were considered to serve well as a visual reference
during the ordering tasks. We would like to note that
our experiment pertained to parts of the network for
which the same expert had provided numerical proba-
bility assessments. The expert could therefore possibly
have been biased in assigning the order relations. We
would like to note, however, that the probabilities had
been assessed six to eight months prior to the current
interview, and that the probabilities had not been made
available to the expert during the ordering tasks. More-
over, at the end of the interview he indicated that he
had found the tasks of assessing the probabilities and
assigning the orders incomparable. In addition, he re-
marked that he had ordered the cards without having
exact numbers in mind. We conclude that our elici-
tation technique enabled him to focus on qualitative
rather than quantitative knowledge about probabilities.
We observe furthermore that the probabilities from Fig-
ure 1, which were assessed by the expert, are consistent
with the elicited order from Figure 6; this property does
not hold for all elicited orders, however.

5.2 Learning probabilities with constraints
The order that we elicited for the graphical structure
from Figure 1 is now used for constraining the prob-
ability estimates obtained from data. We generated a
small data sample of n = 50 observations from the net-
work fragment, to illustrate the drawbacks of the basic
probability estimates, and to show how these are fore-
stalled by the order-constrained estimates. For generat-
ing the data, we used the probability assessments that
the expert had provided before. We recall that the or-
der relations specified by the expert are consistent with
these assessments. The data sample that was generated
using these probabilities, however, is small and may well
produce basic estimates that are not consistent with the
elicited relations.

The generated data is summarised in Table 3. The ta-
ble displays the number of observations n(EBF ) for

Table 3: Data for the experiment

E B F n(EBF ) n(c, EBF )

1 ē b̄ f̄ 8 0
2 e b̄ f̄ 21 20
3 ē b f̄ 2 0
4 e b f̄ 7 7
5 ē b̄ f 2 1
6 e b̄ f 8 7
7 ē b f 1 0
8 e b f 1 1



Table 4: Basic estimates of p(c|EBF )

f̄ b̄ b
ē 0 0
e 0.95 1

f b̄ b
ē 0.5 0
e 0.88 1

each parent configuration, and the number n(c, EBF )
among these with c. Table 4 gives the basic estimates
of p(c | EBF ) that were extracted from the data, for
each parent configuration. From the table, we observe
that these estimates violate the order constraints that
are derived from the elicited order, depicted in Figure 6.
The basic estimates, for example, imply that the prob-
ability of abnormal faeces for pigs with enteritis (e) and
a normal body temperature (b̄) is 95% if the pig takes
balanced feed (f̄) but drops to 88% if the pig takes un-
balanced feed (f).

The violations

(1) p̂(c | ēb̄f) > p̂(c | ēbf)
(2) p̂(c | eb̄f̄) > p̂(c | eb̄f)

now are resolved by averaging the basic estimates over
the conflicting cells. The algorithm sets p∗(c | ēb̄f) =
p∗(c | ēbf) = 1/3 ≈ 0.33, and p∗(c | eb̄f̄) = p∗(c | eb̄f) =
27/29 ≈ 0.93. Note that the order-constrained estimate
0.93 is closer to the basic estimate of p(c | eb̄f̄) than to
the basic estimate of p(c | eb̄f). Since we have only eight
observations in the cell (e, b̄, f) and 21 observations in
the cell (e, b̄, f̄), the violation is more likely due to an
underestimate of the former than to an overestimate of
the latter probability. The order-constrained estimates
are given in Table 5.

The violations by the basic estimates of the order re-
lations provided by the domain expert, have now been
resolved. The order-constrained estimates now imply
that the probability of abnormal faeces for pigs with
enteritis and a normal body temperature is 93% if the
pig takes balanced feed and is also 93% if the pig takes
unbalanced feed. These numbers are an improvement
over the basic estimates, but still may not be entirely
satisfactory. The equality of the two order-constrained
estimates is nevertheless a consequence of the qualita-
tive knowledge that was specified by the expert. If we
would want to enforce a strict increase of the probability
of abnormal faeces when the feed changes from balanced
to unbalanced, the expert would have to indicate some

Table 5: Order-constrained estimates of p(c|EBF )

f̄ b̄ b
ē 0 0
e 0.93 1

f b̄ b
ē 0.33 0.33
e 0.93 1

Table 6: Order-constrained estimates of
p(c|EBF ) with minimum differences

f̄ b̄ b
ē 0 0
e 0.90 1

f b̄ b
ē 0.31 0.46
e 0.95 1

minimum numeric difference between the two probabil-
ities. As an illustration, we suppose that the expert has
specified the following minimum differences:

(1) p(c | ēbf)− p(c | ēb̄f) ≥ 0.15
(2) p(c | eb̄f)− p(c | eb̄f̄) ≥ 0.05

The first constraint, for example, states that for pigs
that do not have enteritis and that take unbalanced
feed, the percentage of pigs with abnormal faeces is at
least 15 percentage points higher for pigs with a high
body temperature than it is for pigs with a normal body
temperature. The order-constrained estimates given
this additional knowledge are given in Table 6. Note
that the differences between the estimates for the pairs
of violating cells {(ē, b̄,f), (ē, b,f)} and {(e, b̄,f̄), (e, b̄,f)}
are exactly equal to the specified minimum differences.

The disadvantage of the approach above is that the ex-
pert is required to specify numeric information in ad-
dition to the order relations. This disadvantage can be
alleviated to at least some extent by eliciting the addi-
tional information only if necessary, that is, when aver-
aging leads to unwanted equalities between probability
estimates. Another option is to enforce some standard
minimum difference between two order-constrained esti-
mates whenever the order indicates a direct relation be-
tween the two probabilities involved. It is questionable
however, whether such a procedure would yield results
that are acceptable to the expert. Another disadvan-
tage of the approach above is that the MLS algorithm
has not been designed to handle numeric differences and
therefore can not longer be applied to compute the con-
strained estimates. A numerical optimisation algorithm
could be used instead; such an algorithm is much more
demanding from a computational point of view, how-
ever. We feel that the issue of enforcing minimum nu-
meric differences deserves further research.

6. CONCLUSIONS
In this paper, we proposed a new method for quanti-
fying a Bayesian network. Our method exploits proba-
bility orders elicited from domain experts to constrain
the probability estimates that are extracted from a data
collection. To support the acquisition of the probability
orders, we designed a dedicated elicitation technique.
We applied our method and the associated elicitation
technique for quantifying parts of a Bayesian network
in the field of classical swine fever.



From our experiences, we conclude that our elicitation
technique enabled the domain expert to focus on qual-
itative rather than quantitative knowledge about the
required probabilities. Moreover, constructing the re-
quested orders proved to be practicable for our expert.
The use of our method further showed that counter-
intuitive reasoning behaviour of the resulting network
is likely to be prevented by using the elicited order
relations as constraints on the probabilities estimated
from a small data collection. We expect that in do-
mains where only a small data collection is available,
our method facilitates a knowledge engineer to build a
Bayesian network that has a higher acceptance among
domain experts, while requiring less cognitive effort from
the experts during elicitation.
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