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CHAPTER 1

Introduction

A decision-support system is a computer-based system that provides support to human deci-
sion makers in their problem-solving processes. The concept of decision support has evolved
from two main research areas: mathematical decision making and computer science. An ef-
fective decision-support system contains a reliable up-to-date knowledge base, accurate data,
a user-friendly interface, and a sound inference mechanism. The knowledge base captures the
knowledge of the application domain that is required to provide support at an expert level. The
inference mechanism applies the knowledge for making decisions. Decision-support systems
typically are designed to deal with problems that require considerable human expert knowl-
edge for their solution and are being developed for various different domains of application such
as weather forecasting, predicting the oil market, deciding whether to launch a new product,
diagnosing a technical problem in air conditioning systems, and responding to environmental
risks [7,27,67].

In this thesis we will focus on decision support in the field of medicine. Since over the last
decades researchers have come to understand more and more of diseases and their management,
it nowadays is hard, even for medical specialists, to keep up-to-date with medical literature and
with new insights of diseases, new drugs and new procedures. On the other hand, the costs of
more sophisticated treatments, tests and procedures are increasing. Hospitals have to provide
care with a limited budget and yet have to keep care at the highest possible level. Furthermore,
physicians have to be more and more aware that any mistake they make, not only will affect the
patient under their care, but can also result in professional sanctions and financial compensation.
To cope with the increasing complexity of medical practice and to provide for a constant level
of care, medical procedures are becoming more and more standardised. For example, various
different medical protocols and guidelines have been developed in which the physicians’ daily
problem-solving strategies have been caught [16, 46, 55]. Decision-support systems can also
assist physicians in their complex problem-solving tasks, by providing support that is tailored to
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individual patients.

To be able to provide actual support, a decision-support system should first of all gain the
confidence of the physicians and prove to be of added value to their daily practice, for example
by resulting in lower costs, shorter waiting lists, less discomfort for patients and better care. The
conclusions that are reached by the system should be correct according to the state of the art
in medical practice; furthermore, these conclusions should reallysupportits users, rather than,
for instance, only provide information they could easily have reached themselves. At every step
in the decision-making process, the system should further be able to provide information about
why it has reached particular conclusions and why it has rejected other conclusions. The system
should thus be able to explain why a specific disease is a likely explanation of a patient’s findings;
it should also be able, on the other hand, to explain why other diseases have been eliminated as
possible conclusions. The decision-support system should further allow for studying different
what-if scenario’s. It should be able to provide information, for instance, about the most likely
disease if a test result would have been different. To allow for easy usage, it should further be
integrated with the other computer systems employed providing links to glossaries and medical
literature and a connection with electronic patient records.

To support the entire process of a patient’s management, a decision-support system should
not only provide information about the most probable diseases or the best suitable therapy, it
should also provide its user with information about which diagnostic tests should be performed.
These diagnostic tests then are performed to reduce the uncertainty about a patient’s true condi-
tion. In this thesis we will focus on test selection for decision-support systems. More specifically
we will focus on test selection for systems that employ a probabilistic network for its reasoning
tasks. Decision-support systems may in general be based upon such techniques as classification
trees, decision trees, neural networks, rule-based systems, and probabilistic networks. Decision-
support systems in the field of medicine, where reasoning with uncertainty is quite prominent,
are increasingly based upon a probabilistic network. Aprobabilistic networkis a concise repre-
sentation of a joint probability distribution on a set of statistical variables. It consists of a directed
acyclic graph and an associated set of numerical parameters. Each node in the graph represents
a variable that can take a value from among a set of mutually exclusive discrete values. The arcs
in the graph represent direct influential relationships between the variables. Associated with the
graph of the network are conditional probabilities that describe the strengths of the relationships
between the variables [10,28,44]. Various different probabilistic networks have been developed
in the field of medicine. Examples include the MUNIN network for the interpretation of elec-
tromyographic findings [2, 3], the QMR network for diagnosis in internal medicine [40, 57], the
DIAVAL network for the diagnosis of heart diseases [12], the Pathfinder network that assists
pathologists with the diagnosis of lymph node diseases [26], and many others [34, 37, 43]; at
Utrecht University, a network-based decision-support system has been constructed for the do-
main of oesophageal cancer [61,62].

The aim of this thesis is to develop a test-selection facility for decision-support systems that
include a probabilistic network. The facility should induce a test-selection strategy that is based
upon the mathematical principles of decision theory, yet closely fits the test-selection strategy
employed by physicians in their daily practice. To study the practicability of the concepts and
algorithms involved, we evaluate the use of our new facility in the context of the oesophageal
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cancer network.

The oesophageal cancer network that we will use to illustrate our concepts, provides for
the staging of cancer of the oesophagus. It models the presentation properties of an oesophageal
tumour, such as its length and macroscopic shape, and describes the pathophysiological processes
that influence its growth and metastasis. The network further represents the various diagnostic
tests that are commonly used to gain insight in the properties of the tumour and the extent of its
advance. The framework of probabilistic networks as well as the oesophageal cancer network
more specifically, are described in Chapter 2.

An automated test-selection facility thus consists of three basic elements: a measure for
establishing the usefulness of performing a particular test, a test-selection loop, and a criterion
for deciding when to stop gathering further information. Many researchers describe a myopic
test-selection facility. A myopic facility will select a single test and prompt the user for its results.
After processing the result, it selects the next test. In non-myopic test selection, other than in
myopic test selection, not the most informative test, but rather the most informative combination
of tests is selected. A non-myopic test-selection facility offers more flexibility in test selection
than a myopic one, yet brings a high computational burden. In Chapter 3 we discuss the state of
the art of the basic elements of test selection.

Diagnostic tests generally do not unambiguously reveal the true condition of a patient. To
avoid misdiagnosis, therefore, the reliability characteristics of the various tests employed should
be taken into consideration upon constructing a diagnostic hypothesis. Diagnostic tests are often
characterised by their sensitivity, that is, the probability that a test result is positive when the
underlying pathological state tested for is present, and their specificity, that is, the probability that
a test result is negative when the underlying pathological state tested for indeed is absent. These
standard concepts are described for binary disease variables, with the values present and absent,
and binary test variables, with the values positive and negative. A probabilistic network, however,
may include non-binary disease variables as well as non-binary test variables for which more
detailed characteristics are required. The network may further require these characteristics to be
stratified over several different subgroups of patients. To provide for including test characteristics
into a probabilistic network, therefore, we extended the standard concepts of sensitivity and
specificity. The modelling of generalised reliability characteristics in probabilistic networks is
discussed in Chapter 4.

Building upon a probabilistic network’s mathematical foundation, a myopic test-selection
strategy could easily be designed. Such a strategy would select, on a one-by-one basis, the test
variable that is the most informative given the already available evidence [1,13]. To compute the
most informative test, often an information measure is used. The two most commonly used mea-
sures for capturing diagnostic uncertainty in decision-support systems, are the Shannon entropy
and the Gini index [19]; in other contexts, also the misclassification error is used for measuring
uncertainty [24]. The three measures are defined for a probability distribution over a designated
variable and express the expected amount of information that is required to establish the value
of this variable with certainty. The Shannon entropy and the Gini index are generally consid-
ered to behave alike for test-selection purposes, in particular for variables with a small number
of values [5]. In fact, common knowledge has it that the two measures are interchangeable in
practice. In addition, the Shannon entropy and the Gini index are commonly acknowledged to be
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more sensitive to changes in the probability distribution over the main variable of interest than
the misclassification error [6]. In Chapter 5 we compare the Shannon entropy, the Gini index and
the misclassification error both from a fundamental and an experimental perspective.

Upon working with the oesophageal cancer network, we felt that a myopic test-selection
strategy would be an oversimplification of the experts’ problem-solving practice. To acquire
knowledge about the actual test-selection strategy employed by our experts and about the argu-
ments underlying their strategy more specifically, we designed an elicitation method that consists
of three main interviews: an unstructured interview, followed up by a structured one and an in-
terview for refinement purposes. The aim of the first interview was to elicit general knowledge
about the selection of diagnostic tests for patients suffering from oesophageal cancer. The goal of
the second interview was to fill in the details of the general test-selection strategy that had been
acquired from the two experts during the first interview. More specifically, we wanted to elicit the
exact arguments used by the experts in their decisions to order new tests or to refrain from further
testing. During the third and last interview, we refined the elicited test-selection strategy. Since
we would be using the arguments underlying our experts’ problem-solving practice to build a
facility for automated test selection, we had to ascertain that we had elicited their test-selection
strategy at a sufficient level of detail. To this end, we studied the medical records of real patients
and compared these against the flow chart that we had constructed after the third interview. The
results from the interviews and from the analysis of the patient records, are described in Chapter
6.

From the three interviews that we held with our experts in the domain of oesophageal cancer,
we learned that in their daily test-selection routines they focused on different subgoals that are
addressed sequentially. We felt that a more involved test-selection facility should be able to take
such subgoals into account. We also felt that the myopic nature of the algorithms currently in
use presents an oversimplification of test selection in many fields in medicine. In the domain of
oesophageal cancer, for example, multiple test variables serve to model the results of a single
physical test. Moreover, our experts have been found to order tests in packages to reduce the
length in time of the diagnostic phase of a patient’s management. A non-myopic test-selection
algorithm would thus be indicated. In Chapter 7, we present new algorithms for automated test
selection. The three algorithms are all enhanced with a sequence of subgoals to be addressed.
The algorithms differ mainly in their degree of non-myopia and range from fully myopic, via
semi-myopic to non-myopic. To prevent overtesting, the test-selection algorithms are extended
with a stopping criterion. With such a criterion, the algorithm decides in every step of the test-
selection process if performing more diagnostic tests is necessary or the physician can safely stop
testing. We designed four stopping criteria and will discuss these from a fundamental as well as
from a experimental perspective.

This thesis ends with our conclusions and suggestions for future research in Chapter 8.
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Probabilistic networks

During the mid 1980s, probabilistic networks were introduced as models for reasoning with un-
certainty in decision-support systems [44]. In this chapter we will briefly review the framework
of probabilistic networks and describe the oesophageal cancer network that has been developed
at Utrecht University over the past decade. The oesophageal cancer network will be used as an
example throughout this thesis.

2.1 Probabilistic networks

Probabilistic networks, also known as (Bayesian) belief networks, Bayes nets, or causal net-
works [10, 28, 44], are graphical models of uncertainty. They are most suitable for represent-
ing knowledge in domains in which uncertainty is predominant and are being used in decision-
support systems in a wide range of applications such as in the medical domain. In this section
we briefly review the framework of probabilistic networks.

A probabilistic networkis a concise representation of a joint probability distributionPr on
a set of statistical variables. It consists of a directed acyclic graph and an associated set of
numerical parameters. Each node in the graph represents a variable that can take a value from
among a set of mutually exclusive discrete values. Variables will be indicated by capital letters,
for exampleA; the possible values ofA are denoteda1, . . . , an, n ≥ 1. The arcs in the graph
represent direct influential relationships between the variables. Informally, an arcA → B can
often be interpreted as expressing that the variableA has a causal influence on the variableB.
More formally, the set of arcs captures probabilistic independence: two variables are said to be
independent given the available observations if every chain between the two variables contains an
observed variable with at least one emanating arc, or a variable with two incoming arcs such that
neither the variable itself nor any of its descendants in the graph have been observed. Associated
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with the graph of the network are conditional probability distributions that describe the strengths
of the relationships between the variables. More specifically, for each variableA are specified
the conditional probabilitiesp(A | π(A)) that describe the joint influence of the various values
of the variable’s parentsπ(A) on the probabilities of the values ofA itself. Figure 2.1 shows,
as an example, a small fragment of a probabilistic network in the field of oesophageal cancer.
The graphical structure from Figure 2.1(a) expresses that the location of a primary tumour in
the oesophagus influences the histological type of its cells. The table from Figure 2.1(b) further
shows the nine conditional probabilities that are specified for the variableType; it states for
example thatp(Type = adeno | Location = distal) = 0.85, which serves to indicate that a
tumour that is located in the lower, or distal, region of the oesophagus, is most likely to be
composed of adenous cells.

The graphical structure of a probabilistic network and its associated probabilities with each
other uniquely define a joint probability distributionPr. A probabilistic network thereby provides
for computing any probability of interest over its variables. In the sequel, we will explicitly
distinguish between computed probabilities, for examplePr(A), and the parameter probabilities
p(A | π(A)) that are specified in the network. To illustrate the computation of probabilities of
interest, we consider again the network fragment from Figure 2.1. The prior probability of a
squamous-cell tumour, for example, can be computed from the probabilities specified for the
fragment by means of the conditioning rule of probability:

Pr(Type= squamous) =

= p(Type= squamous| Location= proximal) · p(Location= proximal)+

p(Type= squamous| Location= mid) · p(Location= mid)+

p(Type= squamous| Location= distal) · p(Location= distal) =

= 0.84 · 0.10 + 0.64 · 0.40 + 0.14 · 0.50 = 0.41

The probability of the primary tumour being located in the mid region of the oesophagus given
that its cells are squamous cells, can be computed using Bayes’ rule:

Pr(Location= mid | Type= squamous) =

=
p(Type= squamous| Location= mid) · p(Location= mid)

Pr(Type= squamous)
=

=
0.64 · 0.40

0.41
= 0.62

For computing probabilities of interest, various different inference algorithms forprobabilistic
inferenceare available [36, 44]. These algorithms employ the graphical structure of a network
more or less directly as a computing architecture. Evidence that has been entered for the vari-
ables, is propagated throughout the network, thereby updating the probability distribution over all
the variables. Exact probabilistic inference is known to be NP-hard in general [9]. The available
algorithms thus have a computational complexity that is exponential in the size of a probabilis-
tic network in general. For relatively sparse networks from which probability distributions per
variable have to established, however, probabilistic inference tends to be feasible for practical
purposes.
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Location

Type

(a)

Location
proximal mid distal

adeno 0.15 0.35 0.85
Type squamous 0.84 0.64 0.14

undiff 0.01 0.01 0.01

(b)

Figure 2.1: A small fragment of a probabilistic network in oncology.

2.2 The oesophageal cancer network

The Netherlands Cancer Institute, Antoni van Leeuwenhoekhuis, is a highly specialised center
for the treatment of patients suffering from cancer in the Netherlands. Some eighty patients re-
ceive treatment for oesophageal cancer at this center per year. These patients receive diagnostic
tests and therapies based upon a standardised protocol. Over the past decade, a decision-support
system has been developed that is aimed at a better tailored patient-specific management of oe-
sophageal cancer. This system has a probabilistic network at its kernel, that has been constructed
and refined with the help of two experts in gastrointestinal oncology from the Netherlands Can-
cer Institute. We will refer to this network as theoesophageal cancer network. In this thesis,
we will use the oesophageal cancer network as an example; the fragment shown in Figure 2.1 in
fact was taken from this network. The network currently includes 42 variables, for which almost
1000 parameter probabilities have been specified [62,63].

An oesophageal tumour may develop within the oesophagus as a consequence of a lesion of
the oesophageal wall, for example as a result of chronic reflux, the intake of spicy food or associ-
ated with smoking and drinking habits. Due to the presence of an oesophageal tumour, a patient
will often suffer from difficulties with swallowing food and, consequently, from weightloss [42].
A patient’s ability to swallow food depends on the characteristics of the primary tumour, such as
its location in the oesophagus, its histological type, shape and length. These characteristics also
influence the tumour’s prospective growth. The histological type is established from a biopsy,
during which a small amount of tissue is taken from the primary tumour. The other character-
istics of the tumour are investigated during a gastroscopic examination. Upon the examination,
a camera attached to a flexible tube is brought into the oesophagus; the images of the camera
show the oesophageal wall and the primary tumour. Note that if the tumour has developed a
considerable mass that protrudes into the oesophagus, the camera may not be able to pass by it.

An oesophageal tumour typically invades the oesophageal wall upon growth. Once it has
grown through all three layers of the oesophageal wall, it may also invade neighbouring organs
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such as the trachea and bronchi, the heart, the mediastinum, or the diaphragm. Which neigh-
bouring organs are invaded depends on the location of the tumour in the oesophagus. The depth
of invasion into the oesophageal wall or into neighbouring organs is investigated with a bron-
choscopy, an endosonographic examination, a barium swallow, a CT-scan of the patient’s thorax,
and a laparoscopic examination. A bronchoscopy is an endoscopic examination with a flexible
tube equipped with a camera that is brought into the bronchi of the patient; images from the cam-
era provide information about the absence or presence of invasion of the primary tumour into the
bronchi. For a barium swallow, the patient swallows a fluid containing barium. Then, an X-ray
is taken, from which the physician can establish, for example, the location of the tumour and the
passage of fluids. The physician can also decide from the X-ray whether or not a fistula is present.
During an endosonography, a flexible tube with a sonographic device is brought into the patient’s
oesophagus. The sonographic device uses high-frequency sound waves to produce images of the
organs and structures in the patient’s body. From these images, for example, the various layers
of the oesophageal wall can be examined. A laparoscopic examination is in essence a surgical
procedure. During this procedure a non-flexible tube with a camera is inserted through the pa-
tient’s skin to the location of interest. The images from the camera provide information about,
for instance, the invasion of the primary tumour into the patient’s diaphragm.

The primary tumour may give rise to secondary tumours. Secondary tumours, or metastases,
can be either lymphatic or haematogenous. Lymphatic metastases develop in lymphatic nodes
from tumour cells having been conveyed through the lymphatic vessels. Haematogenous metas-
tases, on the other hand, develop as a consequence of tumour cells having been conveyed through
the patient’s blood vessels. Lymphatic metastases are typically located in the lymph nodes in the
patient’s neck or in the lymph nodes near the truncus coelicus. The lymph nodes that will be
affected first, however, are the loco-regional lymph nodes located near the primary tumour. The
presence or absence of lymphatic metastases is investigated with an endo-sonography of the oe-
sophagus, a laparoscopy, a sonography of the patient’s neck, and a physical examination during
which the neck is examined for palpable lymphatic nodes. Haematogenous metastases are typi-
cally located in the lungs and the liver of the patient. The presence or absence of haematogenous
metastases is established from a laparoscopic examination, a CT-scan of the thorax and of the
abdomen, and an X-ray of the patient’s lungs.

The depth of invasion of the primary tumour into the oesophageal wall and the extent of the
different types of metastasis are summarised in thestage, orTNM classification, of the cancer. In
this classification, theT class represents the extent of invasion into the oesophageal wall by the
primary tumour. TheN class summarises the presence or absence of lymphatic metastases, and
theM class denotes the presence or absence of metastases distant from the primary tumour. The
T class can take the valuesT1, . . . , T4, whereT4 indicates that the tumour has grown through
all layers of the oesophageal wall. TheN class is eitherN0 or N1, indicating either the absence
or the presence of lymphatic metastases.M0 andM1 indicate either the absence or the presence
of metastases distant from the primary tumour. All possible combinations of the classesT , N
andM are summarised in the six possible stages,I, IIA, IIB, III, IVA , andIVB. The stage of the
cancer together with the patient’s physical condition, largely influence a patient’s life expectancy
and are indicative of the effects and complications to be expected from the various different
therapeutic alternatives.
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The oesophageal cancer network in essence provides for the staging of cancer of the oe-
sophagus. It models the presentation characteristics of an oesophageal tumour and describes the
pathophysiological processes that influence its growth and metastasis. The network further rep-
resents the various diagnostic tests that are commonly used to gain insight in the properties of the
tumour and the extent of its advance. The main diagnostic variable of the network is the variable
Stagethat captures the extent to which the cancer has progressed. Of the 42 variables included
in the network, 25 variables serve to model the results of the 12 physical tests described above.
Figure 2.2 depicts the graphical structure of the network and the prior probabilities per variable.
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Figure 2.2: The oesophageal cancer network.



CHAPTER 3

Diagnostic tests and test selection

In this chapter we briefly review the various different concepts and techniques that are commonly
used in automated test selection. In Section 3.1, we will focus on basic concepts that originate
from the field of medical decision making. In Section 3.2 we will address the state of the art in
automated test selection.

3.1 Concepts in test selection

An important issue in test selection is how to value the information that is gathered from tests.
Test results are not always unequivocal, since the tests involved generally do not unambiguously
reveal the true condition tested for. To avoid misdiagnosis, therefore, the reliability character-
istics of the tests employed should be taken into consideration upon constructing a diagnostic
hypothesis [17,58]. The information value of the results of diagnostic tests is studied especially
in the field of medical decision making. In this field, specialised concepts have been developed
to capture the information value of a test result. Since we will often use the information charac-
teristics of diagnostic tests in this thesis, we will briefly review these concepts.

3.1.1 Sensitivity and specificity

The standard concepts of sensitivity and specificity have been designed to capture the uncertainty
in the results of a diagnostic test, and thereby constitute the test’s reliability characteristics [17,
23, 58, 66]. The concepts are defined in terms of two binary variables. We use the variableD to
represent the presence, indicated by the valued, or absence, indicated byd, of a specific disease;
D will often be referred to as thedisease variable. The variableT describes the result of an
associated diagnostic test, where the valuet models apositivetest result, suggesting presence of
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the disease, and the valuet models anegativeresult, suggesting absence of the disease;T will
be termed thetest variable.

Thesensitivity, or true-positive rate(TPR), of a test now is defined as the probability that a
positive test result is found in a patient who actually has the disease; more formally, it is defined
asPr(t | d). The complementPr(t̄ | d) of the sensitivity is the probability that a negative result
is found in a patient who has the disease tested for; the complement of a test’s sensitivity is
sometimes called thefalse-negative rate(FNR) of the test. Note that, sincePr(t | d) + Pr(t |
d) = 1, we have that the true-positive rate and the false-negative rate of a test sum to one. The
specificity, or true-negative rate(TNR), of a test is the probabilityPr(t | d) that the test yields
a negative result for a patient without the disease. The complementPr(t | d̄) of the specificity
is the probability that a patient without the disease shows a positive test result; the complement
of the specificity is sometimes called thefalse-positive rate(FPR) of the test. Note that, since
Pr(t | d) + Pr(t | d) = 1, we have that the true-negative rate and the false-positive rate sum to
one. We further note that a very sensitive test is good at detecting patients with the disease under
consideration, while a very specific test is good at singling out patients who do not have the
disease. The two concepts therefore pertain to different groups of patients and, hence, measure
truly different reliability characteristics of a diagnostic test [58].

In the remainder of this thesis, we will often summarise the reliability characteristics of
a test in a2 × 2 probability table. As an example, Table 3.1 presents such a table for the
relationship between the true presence or absence of secondary tumours in the liver of a pa-
tient, captured by the disease variableMetas-liver, and the result of a CT-scan of the patient’s
liver, captured by the test variableCT-liver. The table describes the relationship in terms of the
four probabilities: Pr(CT-liver = yes | Metas-liver = yes) which represents the sensitivity
of the scan,Pr(CT-liver = yes | Metas-liver = no) which represents its false-positive rate,
Pr(CT-liver = no | Metas-liver= yes) which captures its false-negative rate, andPr(CT-liver =
no | Metas-liver = no) which represents the specificity of the CT scan for establishing the
absence or presence of secondary tumours in a patient’s liver.

The sensitivity and specificity of diagnostic tests are commonly established from the results
of a clinical study. In such a study, a population of individuals is tested. For each individual it
is known whether or not he has the disease tested for. For each individual, moreover, the result
of the test under study is established. The outcomes of such a clinical study are summarised in
a 2 × 2 frequency table. Such a table differs from a2 × 2 probability table in that it captures
numbers of individuals rather than probabilities. Table 3.2 presents such a2× 2 frequency table
from a (fictitious) study of the reliability characteristics of a CT-scan of a patient’s liver. The
individuals under study with a positive test result who have the disease tested for are called the
true positives. The false negativesare the individuals with a negative test result who do have
the disease under study. Thefalse positivesare the individuals in whom the disease tested for
is absent, although their test result is positive. The individuals without the disease who have a
negative test result constitute thefalse negatives. The sensitivity (TPR) of the test can now be
readily computed from the frequency table by dividing the number of true positives (TP) by the
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sum of the number of true positives (TP) and the number of false negatives (FN):

TP
TP+ FN

Note that we divide the number of true positives by the number of individuals who actually have
the disease tested for. The specificity (TNR) equals the number of true negatives (TN), divided
by the sum of the number of true negatives (TN) and the number of false positives (FP):

TN
TN + FP

Note that we now divide the number of true negatives by the number of individuals who do not
have the disease tested for. As an example, we observe from Table 3.2 that 126 individuals have a
positive test result from the CT-scan and indeed have metastases in the liver. The number of true
positives thus equals 126. The total number of individuals who actually have liver metastases
equals126 + 14 = 140. The sensitivity of the scan now is computed to be126

140
= 0.90; the

specificity equals 133
133+7

= 0.95.
The sensitivity and specificity of a diagnostic test are sometimes combined into theexpected

weight of evidence, which basically is a measure of the overall usefulness of the test [20,38]. The
expected weight of evidenceEW (d, T ) of a testT with respect to the presence of the disease, is
defined as

EW (d, T ) = W (d, t) · Pr(t | d) + W (d, t) · Pr(t | d)

wheret andt indicate the positive and negative result of the testT , respectively.W (d, t) and
W (d, t) capture the weight of evidence for the valued of the disease variableD provided by the
resultst andt, respectively, whereW (d, t) is defined as

W (d, t) = log
Pr(t | d)

Pr(t | d)

andW (d, t) is defined analogously. Note that the weight of evidenceW (d, t) essentially is the
logarithm of the likelihood ratio for a positive test result, which is the ratio of the probability of
the test resultt in the presence of the disease tested for and the probability of the test resultt in
the absence of the disease [13]:

LR(t) =
Pr(t | d)

Pr(t | d)

Note that a low value for the likelihood ratio serves to indicate that the disease is excluded by a
positive test result whereas higher values indicate that a positive result will tend to confirm the
disease.
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Table 3.1: The2 × 2 probability table for the relationship between the absence or presence of
metastases in a patient’s liver and the result of a CT-scan of the liver.

Metas-liver
yes/present no/absent

CT-liver yes/positive Pr(t | d) = 0.90 Pr(t | d̄) = 0.05
no/negative Pr(t̄ | d) = 0.10 Pr(t̄ | d̄) = 0.95

Table 3.2: The2 × 2 frequency table for the relationship between the absence or presence of
metastases in a patient’s liver and the results of a CT-scan of the liver.

Metas-liver
(n=280)

yes/present no/absent

CT-liver yes/positive 126 = TP 7 = FP
no/negative 14 = FN 133 = TN

3.1.2 Predictive value

The sensitivity and specificity of a diagnostic test indicate how likely the test is to yield a result
that matches the true presence or absence of the disease under study. Once a test result has be-
come available, however, we are no longer interested in the probabilities of finding a positive or
a negative result: we are much more interested in the effect of the test result found on the prob-
ability distribution over the disease variable. This effect is captured by the concept ofpredictive
value. The standard concept of predictive value is once again defined in terms of a binary disease
variableD and a binary test variableT . Thepredictive value of a positive test result(PVP) now
is the probabilityPr(d | t) of the disease indeed being present in a patient with a positive test
result; it is defined as

Pr(d | t) =
Pr(t | d) · Pr(d)

Pr(t | d) · Pr(d) + (1− Pr(t̄ | d̄)) · (1− Pr(d))

The predictive value of a positive test result can also be expressed in the numbers of true positives
and false positives:

PVP=
TP

TP+ FP

Note that, while in computing the sensitivity from a2×2 frequency table we divided the number
of true positives by the number of individuals who actually have the disease tested for, we now
divide it by the number of individuals who have a positive test result. Thepredictive value of a



3.1. Concepts in test selection 15

negative test result(PVN) is the probabilityPr(d̄ | t̄) of the disease being absent in a negatively-
tested patient; it is defined as

Pr(d̄ | t̄) =
Pr(t̄ | d̄) · Pr(d̄)

Pr(t̄ | d̄) · Pr(d̄) + Pr(t̄ | d) · Pr(d)

Alternatively, this value can be expressed as

PVN =
TN

TN + FN

Note that we divide the number of true negatives by the number of individuals with a negative test
result. As an example, we consider again the2× 2 frequency table shown in Table 3.2. From the
table, we find that the number of true positives equals 126; the total number of individuals with
a positive test result equals126 + 7 = 133. We compute the predictive value of a positive result
from the CT-scan to be126

133
= 0.95; the predictive value of a negative result equals133

133+14
= 0.95.

3.1.3 Prevalence

In the previous sections we described the concepts of sensitivity, specificity and predictive value.
A closely related concept is theprevalenceof the disease. The prevalence is defined as the
probabilityPr(d) and equals the proportion of individuals in a group of individuals who possess
the disease under study at a given point in time [11].

The sensitivity and specificity of a diagnostic test are not dependent upon the prevalence of
the disease for which it has been designed. The two reliability characteristics therefore in essence
are applicable to any population of patients. This property does not hold for the predictive values
of a test’s results. As an example, we consider again the CT-scan of a patient’s upper abdomen to
establish the presence or absence of secondary tumours in the liver. From Table 3.2, we found, in
the previous section, the predictive value of a positive test result to be0.95. This predictive value
was computed from a population in which 140 of the total of 280 individuals have the disease;
the prevalence of the disease thus equals0.50. Now suppose that we have another population of
individuals in which the disease under study is much more rare:Pr(d) = 0.09. Table 3.3 records
the findings for this population. Note that the sensitivity and specificity computed from the table
are the same as before. The probability that an individual with a positive test result indeed has
the disease tested for, has become smaller, however. The predictive value of a positive test result
now equals

Pr(d | t) =
0.90 · 0.09

0.90 · 0.09 + (1− 0.95) · (1− 0.09)
≈ 0.64

thereby demonstrating the dependence of the predictive value of a test result upon the prevalence
of the disease tested for.
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Table 3.3: The2 × 2 frequency table for the relationship between the absence or presence of
metastases in the patient’s liver and the results of a CT-scan of the liver, established from an
alternative population.

Metas-liver
(n=1540)

yes/present no/absent

CT-liver yes/positive 126 = TP 70 = FP
no/negative 14 = FN 1330 = TN

3.1.4 The costs of a diagnostic test

Upon selecting diagnostic tests for a patient, not only the characteristics of a test are important:
also the potential risk for the patient of undergoing the test, the costs involved, and the time it
takes to obtain a result from the test, for example, are of importance [18,19]. While the financial
costs and the time between ordering a test and obtaining the result are typically equal for every
patient, the diagnostic value of the test’s result and the risk involved are dependent upon the
patient’s specifics and upon the disease tested for [18,19].

The termcostsof a diagnostic test is generally used in a very broad sense, including numerous
aspects. Often a distinction is made between direct costs and indirect costs [58]. Thedirect costs
of a diagnostic test then are defined as the resources required to produce a result. These resources
may include the costs associated with hospitalisation, administration, and equipment, as well as
the routine costs of food, nursing care, supplies, operating rooms, anaesthesia, radiology, drugs,
and physicians’ professional fees. Theindirect costsof a test involve all costs of illness other
than direct costs. These indirect costs typically summarise the undesirable aspects of the test
such as the risk involved, the discomfort of the test to the patient, and the possible consequences
of the lag time between performing the test and obtaining its result. For the purpose of deciding
which test to perform, both the direct and the indirects costs of a test are expressed numerically
in utility units to allow for weighing and combining the diagnostic value of performing the test
and the costs it involves [19]; we will return to this observation in Section 3.2.1.

3.2 The basics of test selection

A test-selection facility should be able to provide information about which tests are expected
to provide the most valuable information in the present phase of the diagnostic process. The
test-selection process should further result in a strategy that does not suffer from overtesting,
that is, it should not select too many tests. Even more importantly, the resulting strategy should
not halt the test-selection process too soon, since this may lead to misdiagnosis with possibly
major consequences for both patients and physician. Automated test selection thus consists of
three basic elements: a measure for establishing the usefulness of performing a particular test,
a test-selection loop, and a criterion for deciding when to stop gathering further information. In
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this section, we will review these three elements of automated test selection.

3.2.1 Test-selection measures

The usefulness of performing a diagnostic test is typically expressed using atest-selection mea-
sure. Such a measure can be based solely upon the expected decrease in diagnostic uncertainty
after performing the test, or it can in addition incorporate the costs of the test. We start our review
of test-selection measures with the former type.

In test selection,information measuresare used for expressing diagnostic uncertainty. These
measures in essence serve to assign a numerical value to the probability distribution over the
main diagnostic variable. This numerical value attains its maximum when the diagnostic uncer-
tainty is the highest, that is, for a uniform distribution over the diagnostic variable; it equals0
when the diagnostic uncertainty is the lowest, that is, for any degenerate distribution over the
diagnostic variable in which one of its values has been established with certainty. A commonly
used information measure having these properties, is the Shannon entropy. More formally, we
consider a disease variableD with the valuesd1, . . . , dm,m ≥ 2. TheShannon entropyH of the
probability distributionPr overD is defined as

H(Pr(D)) = −
∑

j=1,...,m

Pr(D = dj) · 2log Pr(D = dj)

where0 · 2log 0 is taken to be0. The Shannon entropy originates from information theory and
describes the expected amount of information that is required to establish the value of the disease
variable to certainty [56]. The amount of information that is required to establish a valuedj for
D to certainty is expressed in bits and is weighted by the probability thatdj is the true value. A
more general form of the Shannon entropy is Renyi’s entropy [4].Renyi’s entropyof orderα,
with α > 0, α 6= 1, of the probability distribution over the disease variableD is defined as:

Hα(Pr(D)) =
1

1− α
· 2log(

∑
j=1,...,m

Pr(D = dj)
α)

Forα approaching1, Renyi’s entropy approaches the Shannon entropy. We note that both prob-
abilities close to0 or 1 have a very small contribution to the Shannon entropy. For Renyi’s
entropy, however, we have that the larger the value forα, the higher the contribution of larger
probabilities compared to that of smaller probabilities. In view of test selection, we have that
for higher values forα, the test-selection process would show a tendency to halt too soon. Now,
for test-selection purposes, the Shannon entropy of the probability distribution over the disease
variableD is compared to the expected Shannon entropy of the posterior distribution overD af-
ter performing a testT . The test that is expected to result in the largest decrease in the Shannon
entropy then is considered to be the best test to perform next [18,19,28].

An information measure that is closely related to the Shannon entropy is the Gini index [19].
It captures the difference between a degenerate probability distribution in which a value of the
disease variable has been established to certainty and the current probability distribution over all
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possible values. The Gini index exhibits the properties of an information measure mentioned
above. When the diagnostic uncertainty is the highest, the value of the Gini index reaches its
maximum. When the diagnostic uncertainty is the lowest, the value of the Gini index equals0.
More formally, theGini indexG of the probability distributionPr over the disease variableD is
defined as

G(Pr(D)) = 1−
∑

j=1,...,m

Pr(D = dj)
2

Note that by taking the various probabilities of a distribution to the power2, the more extreme
distributions effectively are assigned a smaller value than the more uniform distributions. For
test-selection purposes again, the Gini index of the probability distribution over the disease vari-
ableD is compared to the expected Gini index of the posterior distribution overD after perform-
ing a testT . The test that is expected to result in the largest decrease in the Gini index then is
considered to be the best test to perform next.

In addition to the Shannon entropy and the Gini index, sometimes the misclassification error
is used for capturing uncertainty [24]. Themisclassification errorM of the probability distribu-
tion Pr over the disease variableD captures the difference between the probability of a certain
diagnosis, that is, a probability equal to 1, and the probability of the most likely diagnosis. When
the most likely value of the diagnostic variable has a large probability, the probability that this di-
agnosis will not be the correct one, is rather small. The value of the misclassification error then is
small. On the other hand, when the probability of the most likely value of the diagnostic variable
is relatively small, the probability of misclassifying is larger. The value of the misclassification
error then is large. The misclassification error takes its maximum value when the probability
of the most likely value is the smallest, that is, for a uniform distribution over the diagnostic
variable. More formally, it is defined as

M(Pr(D)) = 1−max{Pr(D = dj) | j = 1, . . . , m}

For test-selection purposes, again, the misclassification error of the probability distribution over
the disease variableD is compared to the expected misclassification error of the posterior distri-
bution overD after performing a testT . The test that is expected to result in the largest decrease
in the misclassification error then is considered to be the best test to perform next. The differ-
ences in behaviour of the Shannon entropy, the Gini index, and the misclassification error for test
selection will be analysed in Chapter 5.

If the disease variable under study takes its value from among a finite set of numerical values,
then sometimes thevarianceof the probabilities over these values is used as an information
measure [28]. The variance can be described as the weighted average of the square of the distance
of each value from the weighted mean of the variable. The measure then equals

V (Pr(D = dj)) =
m∑

j=1

(dj − (
m∑

j=1

dj · Pr(D = dj)))
2 · Pr(D = dj)
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The more uniform the probability distribution over the diagnostic variable, the larger the vari-
ance; conversely, the closer the distribution is to degeneracy, the smaller the variance. For test-
selection purposes, again, the variance of the probability distribution over the diagnostic variable
D prior to performing a test and the expected variance of the distribution after performing a test
are compared to derive information about which test is the best to perform next.

The various information measures reviewed above assign a numerical value to a probability
distribution over the disease variable and compare two such distributions by comparing their
numerical values. Thecross entropy, or Kullback-Leibler divergence, allows for comparing two
distributions more directly: it is a measure of the difference between two probability distributions
[33]. The smaller the Kullback-Leibler divergence, the more similar the two distributions are, and
vice versa. In the context of test selection, the Kullback-Leibler divergence is used for comparing
the prior probability distributionPr(D) over the disease variableD and the posterior distribution
Pr(D | Ti = tki ) given a test resulttki for the testTi. The Kullback-Leibler divergence then is
defined as

KL(Pr(D | Ti = tki ); Pr(D)) =
m∑

j=1

Pr(D = dj | Ti = tki ) · 2log
Pr(D = dj | Ti = tki )

Pr(D = dj)

where the divergence is taken to be0 wheneverPr(D = dj) = 0 since then alsoPr(D = dj |
Ti = tki ) = 0. Note that the Kullback-Leibler divergence is not symmetric and, hence, is not a
measure of distance. Upon test selection, the Kullback-Leibler divergence serves to select the
test that maximises the expected cross entropy between the probability distributionPr(D) and
the posterior distributionPr(D | Ti) after performing testTi.

So far, we have focused on information measures for test selection. An information measure
in essence expresses just the uncertainty about the diagnosis and does not take any aspect of a
test into consideration other than the decrease in diagnostic uncertainty it can occasion. Now, it
has been argued by different researchers that a test should only be performed when the amount
of information to be gained is worth the costs of performing the test [19, 38]. For test selection
in a real-life decision-support system, the various information measures reviewed above can be
readily extended to include, for example, the costs of testing, the discomfort for the patient,
and the lag time between testing and obtaining the result. By subtracting the costsC(Ti) of the
testTi from the expected decrease in diagnostic uncertainty, we establish theexpected profitof
performing the test [1, 29]. Glasziou and Hilden [19] introduce the concept ofnet test worthfor
diagnostic tests. The net test worthW (Ti) of a diagnostic testTi is defined as

W (Ti) = k · I(Pr(D | Ti))− C(Ti)

whereI(Pr(D | Ti)) is the expected decrease in diagnostic uncertainty, measured for example
using the Shannon entropy or the Gini index, andk is a scaling factor that represents the units of
patient utility per unit of information. As an additional measure, they introduce theratio of net
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test worth to costfor a diagnostic testTi:

W (Ti)

C(Ti)
=

k · I(Pr(D | Ti))− C(Ti)

C(Ti)
= k · I(Pr(D | Ti))

C(Ti)
− 1

wherek again is a scaling factor. Compared to the net test worth, this ratio fulfils the intuitive
property that if the costs of an informative diagnostic test tend to zero, the test-selection measure
tends to a universal maximum [19]. For test-selection purposes, the test that has the highest net
worth or the highest ratio of worth to cost, alternatively, then is considered to be the best test to
perform next.

The above test-selection measures in essence assume a constant ratio between the amount
of information gained and the costs of a diagnostic test. It is possible, however, to weigh the
gain in information and the costs of a test in a more complex way. To this end, every outcome
of the patient’s management, including possible misdiagnosis, complications, discomfort and
financial costs, is given a numerical value, expressed inutility units. The worst possible outcome
gets the utility0 and the best possible outcome gets the utility1. The utilities of the intermediate
outcomesoi are given byu(oi) = pi, wherepi is the probability for which the patient is indifferent
betweenoi for certain and a gamble with a probabilitypi of obtaining the best outcome and a
probability 1 − pi of obtaining the worst outcome. For the disease variableD with valuesdj,
j = 1, . . . m, the expected utilityEU(Ti) of performing a testTi now equals [29,58]:

EU(Ti) =
∑

j=1,...,m

EU(Ti, dj) · Pr(dj)

whereEU(Ti, dj) captures the expected utility of performing the test if the patient actually has
the diseasedj:

EU(Ti, dj) =
∑

k=1,...,n

∑
r=1,...,t

u(or) · Pr(or | Ti = tki , dj) · Pr(Ti = tki | dj)

Note thatEU(Ti, dj) weighs the utility of every possible outcomeor with the probability that
this outcome occurs in the presence of the valuedj, given the various test resultstki of testTi.
The test that maximises the expected utility is now selected as the best test to perform next
[1,13,19,22,25,29].

We would like to note that although the use of utilities provides the most flexible way of
establishing the usefulness of performing a specific test, it has a number of complicated conse-
quences when employed for automated test selection. We observe that since utilities can differ
among patients, the most informative test depends not only on the probability of the disease
under study at a specific step in the test-selection process, but on the preferences of the patient
as well. It is an open issue to which extent a patient is allowed to influence his management.
Moreover, eliciting utilities is time-consuming and not trivial at all, especially not if it has to be
done for each and every patient [32]. In this thesis, we have decided to focus on the use of an
information measure such as the Shannon entropy and the Gini index, and to leave the use of
utility-based test-selection measures for future research.
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3.2.2 Myopic versus non-myopic test selection

Upon performing a full decision analysis, the decision maker reviews all possible sequences
of diagnostic tests and their costs and benefits with respect to the patient’s management and
then chooses the strategy that maximises the expected utility [58, 66]. Performing such a full
analysis however, is computationally very demanding. To render the selection of diagnostic
tests computationally feasible, various different algorithms have been designed that approximate
the analysis by a sequential approach in which one or more tests are selected at a time. We
distinguish between two types of test-selection algorithm:myopic test selection, in which in
each step a single test is selected, andnon-myopictest selection, in which in each step multiple
tests can be selected. We will begin our review of the various algorithms by focusing on the
myopic ones.

Myopic algorithms
A myopic test-selection algorithm approximates a full decision analysis by selecting just the first
test to be performed without taking the remainder of the steps in the patient’s management into
consideration; the best test to perform is computed using one of the test-selection measures de-
scribed before. The selection of tests is re-iterated, thereby dynamically giving rise to a strategy
like the full analysis. A myopic test-selection algorithm thus selects a single testTi from a set
of testsT , prompts the user for its results, and selects the next test. In pseudo code, the myopic
algorithm has the following general basic structure:

Myopic test selection

input:
T : list of testsTi

while T 6= ∅ do
compute most informativeTi ∈ T
prompt for evidence forTi and process
removeTi from T

od

Note that the basic myopic test-selection algorithm as presented above simply continues selecting
diagnostic tests until the setT of all tests has been exhausted. For an automated test-selection
facility, the algorithm has to be provided with a stopping criterion to decide upon when to stop
gathering further information; we return to such stopping criteria in Section 3.2.3. Ben-Bassat [4]
studied a myopic test-selection strategy for tests that are conditionally independent given the
disease variable. He argues that, as long as information measures are used, a sequential test-
selection algorithm will result in the same strategy as a full decision analysis whenever this
property of conditional independence is satisfied.

While most automated test-selection facilities employ a myopic algorithm with a test-selection
measure, acritiquing facility takes a somewhat different approach. The basic idea of critiquing is
to focus test selection on a single disease valued0. The goal now is to select diagnostic tests that
maximise the probability of quickly accepting or decliningd0. To this end diagnostic tests are
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selected that allow for discriminatingd0 from the other disease values. To measure the discrimi-
native power of a diagnostic test, the expected weight of evidence is used. When the probability
of the valued0 becomes smaller than a prespecified threshold value, a new disease value will
be focused upon. The critiquing procedure now selects a disease value, computes the expected
weight of evidence for all tests that are still available, and continues the test-selection process
until a hypothesis is accepted or no more tests are available [38]. We would like to note that,
since the expected weight of evidence of a test is independent of the probability of the disease,
the tests selected with respect to a specific disease value are the same for every patient. Only the
choice of the disease values on which the process of test-selection is focused, will be specific for
a patient. Critiquing thereby induces less flexibility in the selection of diagnostic tests than the
decision-theoretic framework reviewed above.

Non-myopic algorithms

So far we addressed myopic test selection, in which tests are selected sequentially, on a one-by-
one basis. Now, if the result of a selected test becomes available, it will cause a change in the
expected benefit of all remaining tests. Unless costs are saved when performing multiple tests
at once, therefore, performing more than one test at the same time will never be better than per-
forming these tests sequentially [29]. From a medical perspective, almost always costs are saved
by performing multiple tests: it can result in quicker diagnosis, for example, which can mean the
difference between a curable and a non-curable cancer. When costs are taken into consideration,
therefore, it is worthwhile to study the expected benefit of performing combinations of tests.
Selecting the most informative combination of tests is known as non-myopic test selection. A
non-myopic test-selection algorithm thus selects a single combination of testsCi from the set of
testsT , prompts the user for its results and selects the next combination of tests. In pseudo code,
the non-myopic algorithm has the following basic general structure:

Non-myopic test selection

input:
T : list of tests

while T 6= ∅ do
compute most informative combination of testsCj ⊆ T
prompt for evidence for allTi ∈ Cj and process
remove allTi ∈ Cj from T

od

For computing the most informative combination of tests, again one of the various test-selection
measures presented in Section 3.2.1 is employed. The measure now has to address the probability
distribution over the main diagnostic variable for multiple test results simultaneously.

As we will argue in Chapter 7, fully non-myopic test selection is much harder from a compu-
tational point of view than myopic test selection. To reduce the computational burden involved,
various more restricted schemes of non-myopia in test selection have been studied. Heckerman,
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for example, assumes in each step in the test-selection process that either no test or a predefined
set of tests can be selected [25]. Jensen and Liang present an algorithm in which at first tests
are selected myopically. As soon as all remaining tests have an expected profit smaller than0,
non-myopic test selection is performed, beginning with just all pairs of tests whose results are
independent given the disease variable. If no pair of such tests has an expected profit larger than
0, then an approximate analysis of all remaining pairs of tests is performed under the assumption
that these pairs are independent given the disease variable. Note that only two tests at a time
are taken into consideration, thereby considerably reducing the computational burden involved
in non-myopic test selection [29].

3.2.3 Stopping criteria

Automated test selection not just includes selecting appropriate tests in the different steps of a pa-
tient’s management, it also involves deciding when to stop gathering further information. For this
purpose, a test-selection facility is equipped with a stopping criterion. With this criterion, it de-
cides after processing the evidence entered by the user, whether or not the diagnostic uncertainty
has sufficiently decreased and no more tests should be ordered for the patient under considera-
tion. A good stopping criterion can thus lead to fewer tests being performed, which results in
lower financial costs, less discomfort for the patient, and perhaps even shorter waiting lists. Even
more importantly, however, a good stopping criterion will prevent the test-selection algorithm to
halt too early. Note that by stopping too early, the decision-support system may miss important
information and reach an erroneous diagnosis, which may have far reaching consequences for
the patient. When the costs of the various diagnostic tests are taken into consideration, these
pose a more or less natural stopping criterion: the selection of diagnostic tests is continued as
long as the expected benefits of a test outweigh its costs. In view of an information measure
that does not take the tests’ costs into consideration, no such natural criterion exists. Although
many authors have described test-selection measures and test-selection algorithms, the issue of
stopping criteria has not been addressed very often.

The most commonly used stopping criterion in view of an information measure considers,
in each step of the test-selection process, the probabilityPr(D = dj) of the most likely value
dj of the disease variableD. If this probability is larger than a prespecified threshold value,
the test-selection process is halted and no further evidence is gathered [21, 31]. As long as the
probability is smaller than the threshold value, further tests are selected. The decision to stop
gathering further information can also be based upon the difference between the probabilities of
the two most likely values of the diagnostic variable. As soon as this difference becomes larger
than a prespecified threshold value, the test-selection process is stopped [45]. Ben-Bassat [4]
indicates that the test-selection process should halt when the current probability of error is less
than a predefined threshold value. This probability of error is computed from a cost matrix for
correct and incorrect decisions.

For all criteria, the threshold value used should be carefully determined. For example, a
lower bound on the probability of the most likely value of the disease variable in case all test
results are available, may be established to this end [59]. Similarly, an upper bound can be
computed [39]. These bounds in essence are determined by computing the probability of the
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most likely value of the diagnostic variable for all possible combinations of test results. As this
can be a very expensive procedure from a computational point of view, McSherry proposes to
determine apriori which test results do not have to be taken into account for the determination of
the two bounds. He observes to this end that every test result is either a supporter or an opposer
of the hypothesis. WhenPr(tki | dj) ≥ Pr(tki | dl), j 6= l, l = 1, . . . , m, the test resulttki is
a supporter of the disease valuedj; otherwise it is an opposer. A supporter of a disease value
always increases the probability of that value, regardless of any other test results. For an opposer
of the disease value, the contrary holds. He further shows that no combination of test results that
minimises the probability of a specific diagnostic value, can contain a supporter of that value.
Again, the contrary holds for opposers. Based upon these two consideration, fewer combinations
of test results have to be taken into account upon computing the lower and upper bounds [39].
Although we support the idea of establishing such bounds for a real-life application, we have
decided not to exploit the idea in our experiments, for computational reasons.



CHAPTER 4

Modelling reliability characteristics for
probabilistic networks

Establishing a diagnosis for a patient in essence amounts to constructing a hypothesis about the
disease the patient is suffering from. To this end, typically a number of diagnostic tests are
performed. To establish the presence or absence of lung cancer, for example, an X-ray of the
patient’s chest is made. Diagnostic tests, however, generally do not unambiguously reveal the
true condition of a patient. An X-ray, for example, can be difficult to interpret: a physician may
easily overlook a small tumour and state a negative result, or state a positive result based upon
a phantom image. To avoid misdiagnosis, therefore, the reliability characteristics of the various
tests employed should be taken into consideration upon constructing a diagnostic hypothesis
[17,58]. The specialised concepts of sensitivity and specificity have been designed for expressing
the reliability of a test’s results. Thesensitivityof a diagnostic test is defined as the probability
that a positive result is found in a patient who actually has the disease tested for; the test’s
specificityis the probability of finding a negative result in a patient without the disease. The
medical literature lists these reliability characteristics for most diagnostic tests [8].

In the medical domain, decision-support systems are being developed for a wide range of
diagnostic applications. These systems increasingly build upon aprobabilistic networkfor cap-
turing the domain’s knowledge. A probabilistic network in essence is a representation of a joint
probability distribution on a set of statistical variables, consisting of a graphical structure and an
associated set of probabilities [28]. Since a probabilistic network uniquely defines a probability
distribution, it allows for computing any probability of interest over its variables. Diagnostic rea-
soning with a probabilistic network now for example amounts to entering the symptoms, signs,
and test results available for a patient into the network and computing the posterior probabilities
for the various possible diseases. The disease with highest posterior probability then is taken for
the diagnosis of the patient’s condition.
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For correct diagnostic reasoning, a probabilistic network has to capture the reliability char-
acteristics with the various diagnostic tests that are represented in its graphical structure. In this
chapter, we address the issue of modelling these characteristics. We argue that a probabilistic net-
work has to distinguish explicitly between variables that represent test results on the one hand and
variables that model the unobservable truth on the other hand. Failing to explicitly distinguish
between these two types of variable would amount to assuming that test results unambiguously
reflect the underlying truth and, hence, that diagnostic tests have a sensitivity and specificity
both equal to 1.00 [64]. We further argue that the sensitivity and specificity of a test often have
to be further detailed before they can be included in a probabilistic network: while the standard
concepts are defined for binary variables, a network may include non-binary disease variables as
well as non-binary test variables for which more detailed reliability characteristics are required.
In addition, the network may require these characteristics to be stratified over several different
subgroups of patients. We illustrate these as well as various closely related modelling issues by
means of our real-life probabilistic network in the field of oesophageal cancer.

The chapter is organised as follows. Section 4.1 introduces the standard concepts of sensi-
tivity and specificity, and describes how these concepts can be further detailed and stratified for
inclusion in a probabilistic network. Section 4.2 discusses the closely related concept of predic-
tive value of a test result, and describes how it can be computed from a probabilistic network.
The chapter ends with our concluding observations in Section 4.3. This chapter is an based upon
joint work with Linda C. van der Gaag [50,51].

4.1 Test characteristics

In the medical domain, establishing a diagnosis for a patient typically involves performing a
number of diagnostic tests. The results of these tests serve to reveal, to at least some extent,
the underlying truth about the disease the patient is suffering from. As we already argued in
the introduction, the reliability characteristics of these tests should be taken into account upon
reasoning about the various possible diseases in order to avoid misdiagnosis. A probabilistic
network developed for a diagnostic application, therefore, should explicitly capture these char-
acteristics.

4.1.1 The standard concepts of sensitivity and specificity

The standard concepts of sensitivity and specificity have been designed to capture the uncertainty
in the results of a diagnostic test, and thereby constitute the test’s reliability characteristics. We
recall from Chapter 3 that the concepts are defined in terms of twobinary variables. We use the
variableD to represent the presence, indicated by the valued, or absence, indicated byd, of a
specific disease. The variableT describes the result of an associated diagnostic test, where the
valuet models apositivetest result, suggesting presence of the disease, and the valuet models
a negativeresult, suggesting absence of the disease. Thesensitivityof a test now is defined as
the probability that a positive test result is found in a patient who actually has the disease; more
formally, it is defined asPr(t | d). The complementPr(t̄ | d) of the sensitivity is the probability
that a negative result is found in a patient who has the disease tested for. Thespecificityof a test
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is the probabilityPr(t | d) that the test yields a negative result for a patient without the disease.
The complementPr(t | d̄) of the specificity is the probability that a patient without the disease
shows a positive test result. We note that a very sensitive test is good at detecting patients with
the disease under consideration, while a very specific test is good at singling out patients who
do not have the disease. The two concepts therefore pertain to different groups of patients and,
hence, measure truly different reliability characteristics of a diagnostic test.

The medical literature lists the sensitivities and specificities for most diagnostic tests [8].

4.1.2 Sensitivity and specificity in a probabilistic network

To provide for modelling the reliability characteristics of diagnostic tests, a probabilistic network
has to distinguish between variables that represent test results on the one hand and variables that
represent the unobservable truth on the other hand. Only by such an explicit distinction can the
relationship between a test’s results and the underlying truth be represented. As an example of
the two types of variable, Figure 4.1(a) depicts a fragment of the oesophageal cancer network.
The variableMetas-liverdescribes the true presence or absence of secondary tumours in the liver
of a patient; the variablesLapa-liver andCT-liver represent the results from a laparoscopic ex-
amination and from a CT-scan of the patient’s liver, respectively. As the true presence or absence
of liver metastases directly influences the results of the two diagnostic tests, the relationships
between the variables are directed fromMetas-liverto Lapa-liver and toCT-liver respectively.
More formally, the represented relationships capture the assumption that the results of the two
diagnostic tests are conditionally independent given the true presence or absence of liver metas-
tases. We would like to note that this assumption of conditional independence is commonly made
in medical decision making [66]; we will return to this observation in Section 4.1.6.

To conclude our example, we focus on the relationship between the variablesMetas-liverand
CT-liver. The strength of this relationship is captured by the four probabilitiesp(CT-liver = yes|
Metas-liver= yes), p(CT-liver = yes | Metas-liver= no), p(CT-liver = no | Metas-liver=
yes), andp(CT-liver = no | Metas-liver= no). We observe that the first and the last of these
probabilities coincide with the sensitivity and specificity of the CT-scan; the other two proba-
bilities are the complements of these characteristics. The table from Figure 4.1(b) now shows
the probabilities that have been specified for the oesophageal cancer network: the CT-scan of
the liver is stated to have a sensitivity of0.90 and a specificity of0.95. The results of the scan,
therefore, are quite reliable.

4.1.3 More detailed sensitivity and specificity

The standard concepts of sensitivity and specificity are typically defined for binary variables only.
The restriction to binary variables has its origin mainly in the use of these concepts. Physicians
use the results from diagnostic tests, on seeing a patient, to decide whether or not to treat, or to
decide whether or not to order another series of tests. These decisions in essence are binary and
have to be taken within a relatively short time span. For taking such decisions, more detailed
characteristics appear to be confusing rather than helpful [17]. There is no mathematical reason,
however, for the restriction to binary variables.
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Metas-liver

Lapa-liverCT-liver

(a)

Metas-liver
yes no

CT-liver yes 0.90 0.05
no 0.10 0.95

(b)

Figure 4.1: A fragment of the oesophageal cancer network and some associated probabilities.

While practical for human decision making, the use of just binary variables may be an over-
simplification of reality in view of computer-supported decision making. In a probabilistic net-
work, for example, domain knowledge is typically represented in more detail, where statistical
variables, whether modelling test results or the underlying truth, may have as many values as
needed to accommodate the domain’s intricacies. For modelling reliability characteristics that
involve at least one non-binary variable, the standard concepts of sensitivity and specificity no
longer suffice; the concepts have to be further detailed to provide for the more than two values.
Because the sensitivity and specificity of a diagnostic test are well-defined in terms of probability
theory, we can build upon this mathematical foundation for their refinement. We will begin by
studying the reliability characteristics for a binary test variable and a non-binary disease variable.
Then we address the situation where both variables are non-binary.

Detailing characteristics given a non-binary disease variable
We start by addressing a non-binary disease variableD with valuesd1, . . . , dn, n > 2, and a
binary test variableT with the valuest andt; for ease of exposition, we assume that the positive
test resultt pertains to a single disease valuedi, 1 ≤ i ≤ n. As an example, we consider from the
oesophageal cancer network the variableInvasion-organs, that models the deepest point of inva-
sion of the primary tumour into organs adjacent to the oesophagus. The variable can adopt one of
the five values none, trachea, mediastinum, diaphragm and heart. In order to establish the depth
of invasion of the primary tumour, typically a number of diagnostic tests are performed. The pur-
pose of a bronchoscopy to this end, is to reveal invasion of the tumour into the trachea. The values
of the test variableBronchoscopyare yes, indicating that invasion into the trachea is visible, and
no. The strength of the relationship between the two variables is captured by the conditional
probabilitiesp(Bronchoscopy| Invasion-organs); the probabilities that have been specified for
the oesophageal cancer network are shown in Table 4.1. We observe that the sensitivity of the
bronchoscopy to tumour invasion into the trachea again coincides with one of the specified prob-
abilities: the sensitivity equalsp(Bronchoscopy= yes | Invasion-organs= trachea) = 0.92.
The specificityPr(Bronchoscopy= no | Invasion-organs6= trachea), however, is not captured
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Table 4.1: The probabilities specified for the variableBronchoscopy.

Invasion-organs
none trachea mediastinum diaphragm heart

Bronchoscopy yes 0.04 0.92 0.10 0.01 0.25
no 0.96 0.08 0.90 0.99 0.75

by a single probability in the table. The four probabilities conditioningBronchoscopy= no on
the values none, mediastinum, diaphragm and heart for the variableInvasion-organs, however,
can be looked upon as more detailed specificities, indicating the probabilities that the test yields
a negative result for patients in whom the tumour has invaded into the mediastinum, into the
diaphragm, into the heart, and not into any organ beyond the oesophagus, respectively. From
these more detailed specificities, however, the standard overall specificity can be reconstructed.

For a non-binary disease variableD with valuesd1, . . . , dn, n > 2, and a binary test variable
T with the valuest, suggesting the presence of diseasedi, andt, suggesting absence ofdi, we
have for the overall specificity of the test that

Pr(t | di) = Pr(t |
∨

j=1,...,n,j 6=i dj) =

=
Pr(t ∧ (

∨
j=1,...,n,j 6=i dj))

Pr(
∨

j=1,...,n,j 6=i dj)
=

Pr(
∨

j=1,...,n,j 6=i(t ∧ dj))

Pr(
∨

j=1,...,n,j 6=i dj)

Since the valuesdj, j = 1, . . . , n, j 6= i, are mutually exclusive, we can build upon the additivity
property of probability to arrive at

Pr(t | di) =

∑
j=1,...,n,j 6=i Pr(t ∧ dj)∑

j=1,...,n,j 6=i Pr(dj)
=

∑
j=1,...,n,j 6=i p(t | dj) · Pr(dj)∑

j=1,...,n,j 6=i Pr(dj)

Note that the probabilitiesp(t | dj), j = 1, . . . , n, j 6= i, in the formula above coincide with
probabilities specified for the test variableT . Also note that these probabilities convey the same
type of information as the test’s specificity be it in more detail, as we described above for the
bronchoscopy. We further observe from the above formula that the more detailed specificities
p(t | dj) do not suffice for computing the overall specificity of the test: in addition, the prior
probabilitiesPr(dj) for the disease variableD are required. Note that these prior probabilities
are readily computed from the network. Since the overall specificity of a test now depends on
the prior probability distribution on the disease variable and, hence, on the prevalences of the
diseases under study, it is no longer generally applicable to any population of patients.

To return to our example, we recall that we are interested in the overall specificity of the bron-
choscopy, that is, we are interested in the probabilityPr(Bronchoscopy= no | Invasion-organs6=
trachea). From the oesophageal cancer network, we compute the prior probabilities of the various
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Table 4.2: The probabilities specified for the variableCT-organs.

Invasion-organs
none trachea mediastinum diaphragm heart

CT-organs none 0.80 0.05 0.30 0.05 0.05
trachea 0.05 0.58 0.10 0.10 0.10
mediastinum 0.05 0.22 0.40 0.22 0.22
diaphragm 0.05 0.05 0.10 0.53 0.10
heart 0.05 0.10 0.10 0.10 0.53

possible depths of invasion to be

Pr(Invasion-organs= none) = 0.9193
Pr(Invasion-organs= trachea) = 0.0299
Pr(Invasion-organs= mediastinum) = 0.0234
Pr(Invasion-organs= diaphragm) = 0.0202
Pr(Invasion-organs= heart) = 0.0073

By substituting these probabilities in the above formula, we find

0.96 · 0.9193 + 0.90 · 0.0234 + 0.99 · 0.0202 + 0.75 · 0.0073

0.9193 + 0.0234 + 0.0202 + 0.0073
≈ 0.96

for the overall specificity of the bronchoscopy.
We observe that this value approximates the probabilityp(Bronchoscopy= no | Invasion-

organs= none). This observation is readily explained by considering the prior probabilities of
the values of the variableInvasion-organs. These probabilities are quite small for an invasion of
the primary tumour into the mediastinum, into the diaphragm, and into the heart. The prior prob-
ability of the absence of any invasion beyond the oesophageal wall, on the other hand, is very
large. The influence of the probabilityp(Bronchoscopy= no | Invasion-organs= none) on the
overall specificity therefore is much larger than the influences of the other more detailed specifici-
ties. Note that with another probability distribution on the values of the variableInvasion-organs,
we would have found another overall specificity for the bronchoscopy.

Detailing characteristics for a non-binary disease variable
We now consider a non-binary disease variableD with valuesd1, . . . , dn, n > 2, as before
and a non-binary test variableT with valuest1, . . . , tn, n > 2; for ease of exposition, we as-
sume that there is a one-to-one relation between a diseasedi and a test resultti. An exam-
ple from the oesophageal cancer network pertains to the disease variableInvasion-organs, that
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models the deepest point of invasion of the primary tumour into organs adjacent to the oesoph-
agus, and the test variableCT-organs, that models the deepest point of invasion of the tumour
visible on a CT-scan of the patient’s thorax. Both variables can adopt one of the five values
none, trachea, mediastinum, diaphragm, and heart. The strength of the relationship between
the two variables is captured by the conditional probabilitiesp(CT-organs| Invasion-organs);
the probabilities that have been specified for the oesophageal cancer network are shown in Ta-
ble 4.2. We observe that the five probabilitiesp(CT-organs= trachea| Invasion-organs=
trachea), p(CT-organs = mediastinum| Invasion-organs= mediastinum), p(CT-organs =
diaphragm| Invasion-organs= diaphragm), p(CT-organs= heart| Invasion-organs= heart),
andp(CT-organs= none | Invasion-organs= none) can be looked upon as detailed sensitiv-
ities, indicating the probabilities that the CT-scan serves to identify the true depth of invasion
of the primary tumour for patients in whom the tumour has invaded into the mediastinum, into
the trachea, into the diaphragm, into the heart, and not into any organs beyond the oesophagus,
respectively. No overall sensitivity is specified for the CT-scan of the thorax, however.

For a non-binary disease variableD with valuesd1, . . . , dn, n > 2, and a non-binary test
variableT with valuest1, . . . , tn, n > 2, the probabilitiesp(ti | di) are looked upon as the
detailed sensitivities of the test to the various different diseases. We now define the overall
sensitivity of the test to be the weighted sum∑

i=1,...,n

p(ti | di) · Pr(di)

of these more detailed sensitivities. We note that for computing the overall sensitivity once
again the prior probabilitiesPr(di) for the disease variable are required. The overall sensitivity
therefore does not apply to any population of patients. Using the above formula, we now compute
the overall sensitivity of the CT-scan of the thorax to be

0.80 · 0.919 + 0.58 · 0.029 + 0.40 · 0.023 + 0.53 · 0.020 + 0.53 · 0.007 ≈ 0.78

While the detailed sensitivitiesp(ti | di) are directly available from the probabilities specified
for the test variableT , the detailed specificitiesp(t̄i | d̄i) are not. These detailed specificities are
computed from

Pr(t̄i | d̄i) =

∑
j=1,...,n,j 6=i

∑
k=1,...,n,k 6=i p(tk | dj) · Pr(dj)∑

j=1,...,n,j 6=i Pr(dj)

building upon similar observations as before. For the overall specificity of the test, we once again
take the weighted sum ∑

i=1,...,n

Pr(t̄i | d̄i) · Pr(di)
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of these detailed specificities. Note that, since a detailed specificityPr(t̄i | d̄i) is defined with
respect to a diseasedi, the various specificities are weighted by the prior probabilities of the
diseases.

To return once again to our example, we note that we are interested in establishing the overall
specificity of the CT-scan of a patient’s thorax. The five detailed specificities of the CT-scan are
computed to be

Pr(CT-organs6= none| Invasion-organs6= none) = 0.877
Pr(CT-organs6= trachea| Invasion-organs6= trachea) = 0.947
Pr(CT-organs6= mediastinum| Invasion-organs6= mediastinum) = 0.940
Pr(CT-organs6= diaphragm| Invasion-organs6= diaphragm) = 0.948
Pr(CT-organs6= heart| Invasion-organs6= heart) = 0.946

Using the prior probabilities of the various depths of invasion of the primary tumour, as given in
the first part of this section, we now find the overall specificity of the CT-scan to be

0.88 · 0.919 + 0.95 · 0.029 + 0.94 · 0.023 + 0.95 · 0.020 + 0.95 · 0.007 ≈ 0.88

To conclude, we note that, since the values of both the disease variable and the test variable are
mutually exclusive and collectively exhaustive, we have that the detailed sensitivities and speci-
ficities are readily defined for tests with a one-to-many or a many-to-one relation of their values
to the values of the disease variable. By once again building upon their mathematical founda-
tion, the overall reliability characteristics of such tests can be established from these detailed
sensitivities and specificities.

4.1.4 Stratified sensitivity and specificity

In our domain of application, the reliability characteristics of some of the diagnostic tests depend
on the patient’s ability to swallow food. The results of a barium swallow with fluoroscopy to
determine the presence or absence of a tracheoesophageal fistula, for example, are less reliable
in a patient in whom the passage of food is seriously impaired. To further extend on the idea of
including more detailed sensitivities and specificities in a probabilistic network, we now address
modelling reliability characteristics that are dependent upon other variables than just the disease
and test variables.

To capture the influence of another variable in addition to the disease variable, on a test’s reli-
ability characteristics, a probabilistic network has to explicitly capture the additional dependence
in its graphical structure. In the oesophageal cancer network, for example, the variableX-fistula,
modelling the result of a barium swallow, has an incoming arc not just from the disease variable
Fistula but also from the variablePassage, as depicted in Figure 4.2. The relationship between
the three variables is quantified by the conditional probabilitiesp(X-fistula| Fistula ∧Passage);
the probabilities that have been specified for the oesophageal cancer network are shown in Ta-
ble 4.3. We observe from the table that the sensitivity of the barium swallow does not coincide
with one of the specified probabilities. While the probabilitiesp(X-fistula = yes | Fistula =
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Table 4.3: The conditional probabilities specified for the variableX-fistula.

Fistula yes no
Passage solid puree liquid none solid puree liquid none

yes 0.88 0.88 0.88 0.85 0 0 0 0
X-fistula no 0.10 0.10 0.10 0.05 1.00 1.00 1.00 0.90

non-d. 0.02 0.02 0.02 0.10 0 0 0 0.10

X-fistula

Fistula Passage

Figure 4.2: Another fragment of the oesophageal cancer network.

yes∧ Passage) for the various values of the variablePassageconvey the same type of infor-
mation as the standard sensitivity, they do so for different groups of patients. We say that the
sensitivity isstratifiedover the variablePassage. The overall sensitivity and specificity of the
barium swallow can now again be reconstructed from these stratified sensitivities and specifici-
ties.

We address a binary disease variableD and a binary test variableT . To indicate the different
subgroups of patients, we define a new variableG with valuesg1, . . . , gm,m ≥ 1. For the
variableT , the conditional probabilitiesp(T | D∧G) are specified. By means of the conditioning
rule of probability, we now find for the overall sensitivity of the test that

Pr(t | d) =
∑

i=1,...,m

p(t | d ∧ gi) · Pr(gi | d)

Note that the probabilitiesp(t | d ∧ gi), i = 1, . . . , m, in the formula above coincide with
probabilities specified for the test variableT . Also note that these probabilities convey the same
type of information as the test’s sensitivity be it stratified over different patient groups, as we
described above for the barium swallow. We further observe that the overall sensitivity depends
on the distribution of the patients over the various subgroups.

To return to our example, we recall that we are interested in the overall sensitivity of the bar-
ium swallow. For the stratified sensitivities, we observe that the barium swallow has a sensitivity
of 0.88 for patients who are still able to swallow solid food; it equally has a sensitivity of 0.88
for patients who are only able to eat pureed food and for patients who can only swallow liquid
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Table 4.4: The reliability characteristics of various tests computed from the oesophageal cancer
network and found from the literature.

sensitivity specificity
experts literature experts literature

Barium swallow 0.88 0.40 – 0.81 0.99 0.61 – 0.91
CT-lungs 0.90 0.80 0.95 0.80
CT-organs 0.78 0.40 – 0.81 0.88 0.61 – 0.91
Sonography neck 0.90 0.77 0.95 1.00
X-ray lungs 0.85 0.50 – 0.85 0.98 0.59 – 0.94

food; for patients who cannot swallow any food, the barium swallow has a sensitivity of 0.85.
For the distribution of patients with a tracheoesophageal fistula over the four subgroups, we find

Pr(Passage= solid | Fistula = yes) = 0.083
Pr(Passage= puree| Fistula = yes) = 0.327
Pr(Passage= liquid | Fistula = yes) = 0.493
Pr(Passage= none| Fistula = yes) = 0.097

By substituting these probabilities in the above formula, we find the overall sensitivity of the
barium swallow to be:

0.88 · 0.083 + 0.88 · 0.327 + 0.88 · 0.493 + 0.85 · 0.097 ≈ 0.88

We consider again the binary disease variableD, the binary test variableT , and the variableG
modelling the different patient groups under consideration. The probabilitiesp(t | d ∧ gi), i =
1, . . . , m, specified forT can be looked upon as stratified specificities, indicating the specificity
of the test for the various groups of patients. By means of the conditioning rule of probability,
we find for the overall specificity that

Pr(t | d) =
∑

i=1,...,m

p(t | d ∧ gi) · Pr(gi | d)

Using the above formula, we compute the overall specificity of the barium swallow to be 0.99.
To conclude, we note that the concepts of stratified sensitivity and specificity can be extended

to apply to non-binary disease and test variables as presented in the previous section.

4.1.5 Comparing characteristics against the literature

While the standard characteristics of diagnostic tests can typically be found in the literature, the
more detailed and stratified sensitivities and specificities will not be readily available. These
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characteristics will therefore have to be assessed by experts in the domain of application. The
sensitivities and specificities found in the literature can then be used for comparison against the
characteristics given by the domain experts. For some of the diagnostic tests that are commonly
used for the staging of cancer of the oesophagus, Table 4.4 reports the overall sensitivities and
specificities established from the oesophageal cancer network using the formulas presented in the
previous sections; the table further reviews the sensitivities and specificities reported for these
tests in the literature.

For a CT-scan of a patient’s thorax to establish the depth of invasion of the primary tumour,
for example, the literature reports a range of 0.40 to 0.81 for the sensitivity. This range is quite
broad as some regions of the thorax are more clearly visible on the CT-scan than others; the
CT-scan is more sensitive, for example, to metastases in the lungs than to invasion in the medi-
astinum. From our domain experts, we elicited the detailed sensitivities shown in Table 4.2. From
this table, we observe that the sensitivity of the CT-scan has been assessed to range from 0.40
to 0.80. We note that this interval is consistent with the interval reported in the literature. The
overall sensitivity of the test that we established to be equal to 0.78, therefore is also contained
in the reported interval.

We would like to note that the reliability characteristics computed for the various diagnostic
tests based upon the experts’ assessments generally are higher than the sensitivities and speci-
ficities found in the literature for these tests [8]. From Table 4.4, we have for example that the
literature reports for the CT-scan of the lungs both a sensitivity and a specificity of 0.80, while
we found a sensitivity of 0.90 and a specificity of 0.95 from our experts. The literature notes
that the reliability characteristics of a test tend to be highly dependent on a clinician’s expertise
and experience. Since for our domain of application the various characteristics were assessed by
physicians from a highly specialised center for cancer treatment, the test results obtained may in-
deed be more reliable than in general, since tests are performed and interpreted by highly trained
clinicians.

In general, experts’ assessments of detailed and stratified sensitivities and specificities will
not be as accurate as the reliability characteristics reported in the literature that have been estab-
lished from clinical studies. We feel, however, that the possible inaccuracies are well compen-
sated for by the additional diagnostic power that is gained by including non-binary variables in a
probabilistic network.

4.1.6 A note on multiple tests

In medical practice, a diagnosis is often made on the basis of multiple tests. In the domain of
oesophageal cancer, for example, to establish the presence or absence of secondary tumours in
a patient’s lungs, often a radiograph as well as a CT-scan of the thorax are made. The results of
these tests are generally taken to be conditionally independent given the true condition of the pa-
tient. The results of multiple tests, however, may not be truly independent in practice. Although
it is well known that assuming test results to be independent while in fact they are not, can lead to
misdiagnosis, the assumption of independence is generally made for practical reasons. We recall
from Section 4.1.2, where we discussed modelling the reliability characteristics of diagnostic
tests, that for the oesophageal cancer network we equally assumed the results of multiple tests to
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Metas-lungs

X-lungsCT-lungs

Figure 4.3: An alternative to a fragment of the oesophageal cancer network.

be conditionally independent.
We would like to note that a probabilistic network in essence provides for capturing the

dependence between the results of two tests that cannot be considered independent. As an
example, Figure 4.3 depicts an alternative to the fragment of the oesophageal cancer network
pertaining to the different tests to establish the presence or absence of lungs metastases. The
dependence between the results of the two tests is captured by an additional arc between the
variablesCT-lungsandX-lungs. We observe that for the variableX-lungsnow the probabilities
p(X-lungs| Metas-lungs∧CT-lungs) have to be specified. Only rarely will these probabilities be
known from clinical studies, however. The probabilities will moreover be difficult to assess by
domain experts. As a consequence, in a probabilistic network, often conditional independence
of test results is assumed as well.

4.2 Predictive value

In the previous sections, we studied the reliability characteristics of diagnostic tests, and focused
on modelling these in a probabilistic network. The sensitivity and specificity of a diagnostic test
indicate how likely the test is to yield a result that matches the true presence or absence of the
disease under study. Once a test result has become available, however, we are no longer interested
in the probabilities of finding a positive or a negative result: we are much more interested in the
effects of the test result found on the probability distribution over the disease variable. This
effect is captured by the concept ofpredictive value. The standard concept of predictive value
is once again defined in terms of a binary disease variableD and a binary test variableT . The
predictive value of a positive test resultnow is the probabilityPr(d | t) of the disease indeed
being present in a patient with a positive test result. Thepredictive value of a negative test result
is the probabilityPr(d̄ | t̄) of the disease being absent in a negatively-tested patient.

While the sensitivity and specificity of a diagnostic test are modelled explicitly in a proba-
bilistic network, the predictive value of its results are not. The predictive value of a test’s results,
however, can be expressed in terms of the reliability characteristics of the test and the prior
probability of the disease under consideration [58]. More specifically, the predictive value of a
positive test result is defined by

Pr(d | t) =
p(t | d) · Pr(d)

p(t | d) · Pr(d) + (1− p(t̄ | d̄)) · (1− Pr(d))
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Pathological state

predictive value

sensitivity/specificity

definition

predictive value

Stage Test

sensitivity/specificity

Figure 4.4: The relationships between the test, the true pathological state and the stage.

We observe that the conditional probabilitiesp(t | d) andp(t̄ | d̄) are the sensitivity and speci-
ficity of the test, which are specified for the variableT . The prior probabilityPr(d) is readily
computed from the network using an algorithm for probabilistic inference explained in Chapter
3. From Figure 4.1 and the observation thatPr(Metas-liver = yes) = 0.21, for example, we
compute the predictive value of a positive test result of the CT-scan of the liver to be

Pr(d | t) = p(Metas-liver= yes| CT-liver = yes) =

=
0.90 · 0.21

0.90 · 0.21 + (1− 0.95) · (1− 0.21)
≈ 0.83

Similar observations hold for the predictive value of a negative test result.
We would like to observe that we have modelled a test’s reliability characteristics with respect

to the underlying truth and not with respect to the main disease variable. For example, the
reliability characteristics of a CT-scan of a patient’s liver have been expressed in terms of the
presence of secondary tumours in the liver, rather than in terms of the stage of the patient’s
cancer. The predictive valuep(Metas-liver= yes | CT-liver = yes) of a positive result of the
CT-scan then pertains to the presence of secondary tumours in the liver, while it is the probability
distributionPr(Stage| CT-liver = yes) that is of interest. The predictive value thus pertains to
the true pathological state and does not provide directly for establishing the main diagnosis.
Since the various different tests are carefully embedded within the context of an overall network,
however, the predictive value of a test result serves to indirectly update the probabilities of the
main disease variable. Figure 4.4 captures the relationships between the concepts involved.

For ease of exposition, we address a binary main diagnostic variableS and a binary test
variableT that provides for a binary variableD modelling the relevant pathological state. We
are now interested in the main predictive valuePr(s | t). The probabilityPr(s | t) equals

Pr(s | t) =
Pr(t | s) · Pr(s)

Pr(t | s) · Pr(s) + (1− Pr(t̄ | s̄)) · (1− Pr(s))

The prior probabilityPr(s) is readily computed from the network. For the probabilityPr(t | s),
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we observe that
Pr(t | s) =

∑
di∈{d,d̄}

Pr(t | di, s) · Pr(di | s)

Since the test resultt is independent ofs givendi, we have that

Pr(t | s) =
∑

di∈{d,d̄}
p(t | di) · Pr(di | s)

The probabilitiesp(t | d) andp(t | d̄) now are available from the characteristics that have been
specified for the testT . The relationship between the presence or absence of the pathological
state and the main diagnostic variable is modelled in the network, from which the probabilities
Pr(d | s) andPr(d̄ | s) are once again readily computed.

4.3 Conclusions

We addressed the issue of modelling reliability characteristics of diagnostic tests in probabilistic
networks. In the medical domain, the reliability of a test is generally expressed in terms of
its sensitivity and specificity. We argued that to capture these characteristics, a probabilistic
network has to explicitly distinguish between variables that represent test results and variables
that represent the underlying truth. Moreover, the standard concepts of sensitivity and specificity
have to be further detailed to accommodate for non-binary disease and test variables. We also
argued that stratified reliability characteristics are required for different groups of patients, when
the result of a test does not just depend on the underlying truth but on a third variable as well.
We showed that the standard concepts can be readily reconstructed from the more detailed, and
possibly stratified, sensitivities and specificities.

Once a test result has become available, we are no longer interested in the test’s sensitiv-
ity and specificity, but rather in the effects of the result on the probability distribution over the
disease variable. We argued that this predictive value can be computed from the probabilistic
network, using the detailed sensitivities and specificities. While in a probabilistic network pre-
dictive values pertain to the underlying truth and do not provide directly for establishing the main
diagnosis, the context of the overall network provides for indirectly updating the probability dis-
tribution over the main disease variable with the test results entered.



CHAPTER 5

The behaviour of information measures
for test selection

In many domains of application, sophisticated decision-support systems are being developed.
Such systems are found for example in the medical domain where physicians have to establish a
diagnosis and have to decide upon an appropriate therapy in relative uncertainty. To assist human
decision makers in their complex reasoning processes, a diagnostic decision-support system is
typically equipped with a test-selection facility that serves to indicate which tests had best be
performed to decrease the uncertainty about the diagnosis [1, 4]. Most test-selection facilities
select tests sequentially, that is, they select a single most informative test and await the user’s
input before selecting the next test to be performed.

The two most commonly used measures for capturing the uncertainty about the diagnosis in
decision-support systems, are the Shannon entropy and the Gini index [19]; in other contexts,
also the misclassification error is used for measuring uncertainty [24]. The three measures are
defined for a probability distribution over a designated variable and express the expected amount
of information that is required to establish the value of this variable with certainty. The Shannon
entropy and the Gini index are generally considered to behave alike for test-selection purposes,
in particular for variables with a small number of values [5]. In fact, common knowledge has
it that the two measures are interchangeable in practice. In addition, the Shannon entropy and
the Gini index are commonly acknowledged to be more sensitive to changes in the probability
distribution over the main variable of interest than the misclassification error [6].

In this chapter, we compare the Shannon entropy, the Gini index and the misclassification
error both from a fundamental and an experimental perspective. We show that the Gini index
can be looked upon as an approximation of the Shannon entropy and that the misclassification
error is an approximation of the Gini index. By studying the first derivatives of the three func-
tions, moreover, we argue that for specific ranges of the probability distribution over the main
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diagnostic variable, the Shannon entropy and the Gini index are indeed expected to behave alike.
For the more extreme probability distributions, however, the two measures are expected to result
in different test sequences. We furthermore argue that the misclassification error should not be
used for test-selection purposes since it has a tendency to select tests randomly.

In addition to our fundamental analysis of the three measures, we studied the Shannon en-
tropy and the Gini index from an experimental perspective. For this purpose, we implemented
the two measures in a decision-support system for the domain of oesophageal cancer and per-
formed test selection for 162 real patients. Upon analysing the sequences of tests yielded, we
found that for71% of the patients, already the first or second test selected differed between the
two measures. In contrast with common knowledge, therefore, the Shannon entropy and the Gini
index gave rise to rather different test-selection behaviour. All differences could be explained,
however, from the insights that we had gained from our fundamental analysis of the Shannon
entropy and the Gini index and their derivatives. By means of a sensitivity analysis, we further
established the test-selection behaviour of the two information measures to be quite robust. We
note that, although our experiment was conducted within the medical domain, the results of our
fundamental analysis are domain-independent. A similar difference in behaviour is therefore
expected to show in other domains as well.

The chapter is organised as follows. Section 5.1 reviews the Shannon entropy, the Gini
index, and the misclassification error, and details how these measures are used for test selection.
Section 5.2 presents our fundamental analysis of the three measures and of their first derivatives.
In Section 5.3 we report on the results obtained with the Shannon entropy and the Gini index, and
explain the observed differences. This chapter ends with our conclusions in Section 5.4. This
chapter is based upon joint work with Linda C. van der Gaag [52].

5.1 Information measures and test selection

In a diagnostic decision-support system, test selection generally amounts to selecting, in a se-
quential manner, a test that is expected to yield the largest decrease in the uncertainty about the
diagnosis. For capturing diagnostic uncertainty, typically aninformation measureis used. The
three most commonly used measures are the Shannon entropy, the Gini index, and the misclassi-
fication error. These measures are defined for a probability distributionPr over a set of statistical
variables. We distinguish a diagnostic variableD, modelling the diagnoses of interest; the possi-
ble values ofD are denoteddj, j = 1, . . . ,m,m ≥ 2. We further distinguishn ≥ 2 test variables
Ti, modelling diagnostic tests whose results can influence the uncertainty inD; the results of a
testTi are denotedtki , k = 1, . . . , mi, mi ≥ 2. Each measure attains its maximum when the
uncertainty about the value of the diagnostic variable is the largest, that is, when the probabil-
ity distribution over this variable is a uniform distribution. For a distribution withPr(di) = 1
for some valuedi of D andPr(dj) = 0 for all di 6= dj, the uncertainty about the value of the
diagnostic variable is resolved and the measures yield their minimum equal to0.

TheShannon entropyH of the probability distribution over the diagnostic variableD is the
expected amount of information that is required to establish the value ofD with certainty; more



5.1. Information measures and test selection 41

formally, the entropy is defined as

H(Pr(D)) = −
∑

j=1,...,m

Pr(D = dj) · 2log Pr(D = dj)

where0 · 2log 0 is taken to be0. For a binary diagnostic variableD modelling the presence or
absence of a particular disease, withp(D = present) = 0.4 and thusp(D = absent) = 0.6, for
example, the value of the Shannon entropy equals−((0.40 · 2log 0.40) + (0.60 · 2log 0.60)) =

−(0.40 · −1.32 + 0.60 · −0.74) = 0.97.
Now suppose that some diagnostic testTi is performed, and that the resulttki is yielded.

Because of this additional information, the probability distribution overD will change from the
prior distribution to the posterior distribution givenTi = tki . The entropy of the distribution over
D will then change as well, to the entropy of the posterior distribution:

H(Pr(D | Ti = tki )) = −
∑

j=1,...,m

Pr(D = dj | Ti = tki ) · 2log Pr(D = dj | Ti = tki )

Returning to our example diagnostic variableD, we now suppose that the diagnostic testTi has
been performed and has yielded the resulttki which is construed as evidence of the disease being
present. Further suppose that the probabilityp(D = present| Ti = tki ) of the disease being
present given the test resulttki , equals0.80. The entropy of the posterior distribution overD now
equals−((0.80 · 2log 0.80) + (0.20 · 2log 0.20)) = −(0.80 · −0.32 + 0.20 · −2.32) = 0.72. The

lower entropy value indicates that some of the uncertainty as to the presence or absence of the
disease has been resolved by the evidence.

Prior to performing the testTi, however, we do not know for certain what the result will be:
each possible resulttki is yielded with a probabilityPr(Ti = tki ). Before actually performing the
test, therefore, we expect the entropy of the posterior probability distribution overD to be

H(Pr(D | Ti)) =
∑

k=1,...,mi

H(Pr(D | Ti = tki )) · Pr(Ti = tki )

We return again to our example variableD. We suppose that the diagnostic testTi can result in
one of the two valuespositiveandnegative. We further suppose that the probability that the test
result is negative equals0.3; the probability that the test result is positive thus equals0.7. We
now suppose that the entropy of the posterior distribution given a negative test result over the
variableD equalsH(Pr(D | Ti = negative)) = 0.94; in the above we establishedH(Pr(D |
Ti = positive)) to be0.72. The expected entropy of the posterior probability distribution overD
now equals0.72 · 0.7 + 0.94 · 0.3 = 0.79.

Given the definition of expected entropy, we now have that the decrease in uncertainty in the
diagnostic variableD by performing the testTi is expected to bẽH(Ti) = H(Pr(D))−H(Pr(D |
Ti)). A test that maximises̃H(Ti) thus is the best test to perform. We assume that upon selecting
a test that maximises the expected decrease in uncertainty, ties are broken at random.
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TheGini indexG of the probability distributionPr over the diagnostic variableD is closely
related to the Shannon entropy of the distribution; it is defined as

G(Pr(D)) = 1−
∑

j=1,...,m

Pr(D = dj)
2

The expected Gini indexG(Pr(D | Ti)) after performing a diagnostic testTi is defined in the
same way as the expected Shannon entropyH(Pr(D | Ti)), that is, it is defined as the expected
value of the Gini index where the expectation is taken over all possible test results:

G(Pr(D | Ti)) =
∑

k=1,...,mi

G(Pr(D | Ti = tki )) · Pr(Ti = tki )

The best test to perform once again is a test that is expected to result in the largest decrease of
diagnostic uncertainty, that is, a test that maximisesG̃(Ti) = G(Pr(D))−G(Pr(D | Ti)).

In addition to the Shannon entropy and the Gini index, sometimes the misclassification error
is used for capturing uncertainty [24]; in the sequel we will argue that this measure is less suited
for the purpose of test selection, however. Themisclassification errorM of the probability
distributionPr over the diagnostic variableD captures the difference between the probability
of a certain diagnosis, that is, a probability equal to 1, and the probability of the most likely
diagnosis; more formally, it is defined as

M(Pr(D)) = 1−max{Pr(D = dj) | j = 1, . . . , m}

The expected misclassification error after performing a diagnostic testTi is

M(Pr(D | Ti)) =
∑

k=1,...,mi

M(Pr(D | Ti = tki )) · Pr(Ti = tki )

The decrease in diagnostic uncertainty inD by performing the testTi thus is expected to be
M̃(Ti) = M(Pr(D)) − M(Pr(D | Ti)). A test that maximises̃M again is the best test to
perform.

5.2 A fundamental analysis of the measures

To provide for predicting the test-selection behaviour of the Shannon entropy, the Gini index
and the misclassification error, we study the three measures from a fundamental perspective.
Since formally analysing a higher-dimensional function is not trivial, we begin by studying and
comparing the behaviour of the measures for a binary diagnostic variable.

For a binary diagnostic variableD, with valuesd1 andd2, the Shannon entropy, the Gini
index and the misclassification error can be written as

H(Pr(D)) = −
∑
j=1,2

Pr(D = dj) · 2log Pr(D = dj)

= −x · 2log x− (1− x) · 2log(1− x)
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G(Pr(D)) = 1−
∑
j=1,2

Pr(D = dj)
2 = 2x− 2x2

M(Pr(D)) = 1−max{Pr(D = dj | j = 1, 2}

=

{
x , if x ∈ [0, 1

2
]

1− x , if x ∈ 〈1
2
, 1]

wherex = Pr(D = d1). The three functions are depicted in the Figures 5.1(a), (b) and (c)
respectively.

We begin our analysis by comparing the Shannon entropy and the Gini index. From Figure
5.1, we observe that the Shannon entropy has a higher value than the Gini index. To formally
support this observation, we consider the second derivatives of the two functions:

H ′′(x) = − 1

x · ln 2
− 1

(1− x) · ln 2

G′′(x) = −4

We note thatH ′′(x) < G′′(x) for all 0 < x < 1. From this observation, we have that, in the
interval 〈0, 1

2
〉, the ascent of the Shannon entropy is steeper than that of the Gini index; in the

interval 〈1
2
, 1〉, the Shannon entropy shows a steeper descent than the Gini index. We further

observe that the two functions attain the same value atx = 0 and atx = 1. We conclude that the
two functions do not otherwise intersect and, hence, thatH(x) > G(x) for all 0 < x < 1.

Upon further comparison of the Shannon entropy and the Gini index, we find that the Gini
index can be regarded as an approximation of the Taylor expansion of the Shannon entropy. To
formally support this observation, we build upon the Taylor expansion

ln(1 + x) = x− x2

2
+

x3

3
− x4

4
. . .

of ln(1 + x) for −1 < x ≤ 1. Using2log x = ln x
ln 2

, we find that

2log x =
x− 1

ln 2
− (x− 1)2

2 · ln 2
+

(x− 1)3

3 · ln 2
− (x− 1)4

4 · ln 2
+ . . .

for 0 < x ≤ 1, and

2log(1− x) = − x

ln 2
− x2

2 · ln 2
− x3

3 · ln 2
− x4

4 · ln 2
+ . . .
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for 0 ≤ x < 1. Using the first term of these expansions, respectively, we find for the Shannon
entropy that

H(x) ≈− x · x− 1

ln 2
− (1− x) · −x

ln 2

≈ 1.4 · (2x− 2x2)

For0 < x < 1, therefore, our Taylor approximation of the Shannon entropy differs from the Gini
index by a multiplicative factor only. This property retains its validity if we take the first two
terms of the Taylor expansions into account, yet with the multiplicative factor1.8. We observe
that, with0 < x < 1, the higher-order terms of the Taylor expansion have a rapidly decreasing
value. We conclude that, for0 < x < 1, the Gini index may be considered an approximation of
the Taylor expansion of the Shannon entropy by a multiplicative factor.

We now compare the misclassification error with the Gini index. Within the interval[0, 1
2
],

we have that
G(x) = 2x− 2x2 ≥ x

since from0 ≤ x ≤ 1
2

we can conclude that2x2 ≤ x. The Gini index, therefore, lies above the
misclassification error. Within the interval〈1

2
, 1], we find that

G(x) = 2x− 2x2 = 2x · (1− x) > 1− x

since from 1
2

< x ≤ 1 we can conclude that2x > 1. Again, the Gini index lies above the
misclassification error. We thus conclude thatG(x) ≥ M(x). In fact, the misclassification error
can be looked upon as a piece-wise linear interpolation of the three pointsG(0), G(1

2
) andG(1)

of the Gini index.
Now, for test-selection purposes, we are not so much interested in the precise values that the

Shannon entropy, the Gini index and the misclassification error attain for a specific probability
distribution over the diagnostic variableD. We are more interested in the way they value ashift
in the distribution that is occasioned by a test result. We therefore also study the first derivatives
of the three functions:

H ′(x) = −2log x +2 log(1− x)

G′(x) = 2− 4x

M ′(x) =

{
1 , if x ∈ [0, 1

2
〉

−1 , if x ∈ 〈1
2
, 1]

These derivative functions are depicted in the Figures 5.1(d), (e) and (f) respectively.

To compare the first derivatives of the Shannon entropy and the Gini index, we build, once
again, on the Taylor expansion of2log x for 0 < x ≤ 1, and of2log(x− 1) for 0 ≤ x < 1. Using
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Figure 5.1: The Shannon entropy (a), the Gini index (b), and the misclassification error (c) of a
distribution over a binary variable, and their first derivatives (d), (e) and (f).
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the first term of these expansions respectively, we find for the first derivative of the Shannon
entropy that

H ′(x) ≈ 1− 2x

ln 2
≈ 0.7 · (2− 4x)

We thus have that our Taylor approximation of the first derivative of the Shannon entropy differs
from the first derivative of the Gini index by a multiplicative factor only. If we take the second
term of the Taylor approximation into account, we find a multiplicative factor of2.1.

From Figure 5.1(d), we observe that the first derivative of the Shannon entropy approximates
a linear function in the middle part of the[0, 1]-interval, as suggested by the analysis above. For
the more extreme values in the interval, however, this property no longer holds. Figure 5.2 il-
lustrates this observation; the figure plots the functionH ′(x) divided byG′(x). To establish the
boundaries of the interval within which the first derivative of the Shannon entropy is approxi-
mated by the first derivative of the Gini index, we consider once again the second derivatives
of the two functions. We note that the maximum of the second derivative of the Shannon en-
tropy equals−5.77 while the second derivative of the Gini index equals the constant function
−4. Allowing a deviation of 10% off the value of the second derivative of the Gini index, we
find that for valuesx for which H ′′(x) ≥ −6.17, that is, forx ∈ [0.37, 0.63], the first derivative
of the Shannon entropy can be considered a linear function relative to the first derivative of the
Gini index. We note that Figure 5.2 supports this observation: the figure suggests that within the
established interval the two derivatives indeed differ by a constant multiplicative factor. Forx
approaching the extremes, however, this factor grows excessively in favour ofH ′(x).

To compare the first derivatives of the Gini index and of the misclassification error, we begin
by observing thatG′ is a linear function andM ′ is a piecewise constant function. We further
observe thatG′(1

4
) = M ′(1

4
) andG′(3

4
) = M ′(3

4
). We conclude that the first derivative of the

misclassification error is a two-point approximation of the first derivative of the Gini index.
In view of the previous analysis, we briefly address the suitability of the misclassification

error for the purpose of test selection. We observe that within the intervalx ∈ [0, 1
2
], we have

that the misclassification error for the probability distribution over the diagnostic variableD
equalsM(Pr(D)) = Pr(D = d1) = x. Now suppose that for a test variableTi, we have that
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Figure 5.2: The first derivativeH ′(x) of the Shannon entropy divided by the first derivativeG′(x)
of the Gini index.
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Pr(D = d1 | Ti = tki ) ∈ [0, 1
2
] for all possible resultstki of Ti. We then find that the expected

value of the misclassification error after performing the test equals

M(Pr(D | Ti)) =
∑

k=1,...,mi

Pr(D = d1 | Ti = tki ) · Pr(Ti = tki ) = Pr(D = d1) = x

The expected misclassification errorM(Pr(D | Ti)) of the posterior distribution thus equals
the misclassification errorM(Pr(D)) of the prior distribution, and the expected decrease in
diagnostic uncertainty inD by performing the testTi is M̃(Ti) = M(Pr(D)) − M(Pr(D |
Ti)) = 0. Similar observations hold forPr(D = d1) = x ∈ 〈1

2
, 1]. Only if the posterior

probabilities of a diagnosis given the possible resultstki of Ti, are distributed over both intervals
can the expected decrease in diagnostic uncertaintyM̃(Ti) be larger than 0. Now, if at some
stage in the test-selection process, for all remaining diagnostic tests the expected decrease in
diagnostic uncertainty equals 0, the misclassification error will select a test at random. Since
the probability distribution over the diagnostic variable is likely to become less uniform as the
test-selection process progresses, the probability that a test will induce a shift to the other interval
decreases. The misclassification error will then show a tendency to select tests rather arbitrarily;
this tendency has been noted before by Breiman et al. [6]. We note that the tendency of the
misclassification error to select tests at random may be quite undesirable for real-life decision-
support systems.

We now review the implications of our findings for the test-selection behaviour of the Gini
index and the Shannon entropy. The two measures value a test based upon the shifts that its re-
sults induce in the probability distribution over the diagnostic variable and upon the probabilities
with which these results are expected to be found. Tests that induce a large shift in the proba-
bility distribution with a high probability, are valued as more informative than tests that result
in a minimal shift with a high probability or in a large shift with just a small probability. Since
the first derivative of the Gini index is a decreasing linear function, we find that it values a shift
in distribution concavely by a constant factor. Since the first derivative of the Shannon entropy
approximates a linear function betweenx = 0.37 andx = 0.63, it values a shift in a distribution
wherex stays between these two values in the same way as the Gini index. We conclude that
the Shannon entropy and the Gini index will yield the same diagnostic test upon test selection as
long as the tests under consideration are unlikely to result in a rather extreme distribution over
the diagnostic variable. Since the Shannon entropy values a shift to an extreme distribution dis-
proportionally more than the Gini index, the two measures may select different tests if a test is
likely to result in such an extreme distribution. As an example, we consider a binary diagnostic
variable modelling the presence or absence of a specific disease. Suppose that, at some stage in
the test-selection process, we have that the probability of the disease being present is0.38. The
Shannon entropy of the distribution equals0.96, while the value of the Gini index is0.47. A
positive test result of the diagnostic testT1 shifts the probability of the disease being present to
0.02; a negative test result induces a shift of this probability to0.47. The probability of a positive
test result from testT1 is 0.20; the probability of a negative test result thus is0.80. The expected
Shannon entropy of the posterior distribution over the diagnostic variable after performing test
T1 is 0.826; the expected Gini index of this distribution is0.406. For the second diagnostic test
T2 we have that a positive test result shifts the probability of the disease being present to0.22; a
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negative test result fromT2 induces a shift of this probability to0.62. The probability of finding
a positive result from the test is0.60; the probability of a negative result thus is0.40. After
performing testT2, the Shannon entropy of the posterior distribution over the diagnostic variable
is expected to be0.839; the expected Gini index is0.394. Based upon the expected decrease in
uncertainty as to the presence or absence of the disease of interest, the Shannon entropy indicates
testT1 to be the most informative of the two tests, while the Gini index points to testT2 as the
more preferred one.

We note that several researchers [6, 19] have also described this difference in behaviour be-
tween the Gini index and the Shannon entropy. Glasziou and Hilden more specifically argue
that the Shannon entropy overestimates the gain in information for shifts in an already extreme
probability distribution.

So far, we studied and compared the Shannon entropy, the Gini index and the misclassifi-
cation error in view of a binary diagnostic variable only. We now briefly focus on non-binary
variables. For ease of reference, the three measures under study are depicted in Figure 5.3 for a
three-valued diagnostic variable. Note that from the contour plots of the figure it is readily seen
that again the Shannon entropy lies above the Gini index; the Gini index in turn lies above the
misclassification error.

We consider a non-binary diagnostic variableD, with valuesdj, j = 1, . . . ,m,m ≥ 2. To
study the test-selection behaviour of the three information measures, we are once again interested
in the value they assign to a shift in the probability distribution overD. To gain insight in this
value, we focus on a shift in a single probabilitypi = Pr(D = di) under the assumption that the
other probabilitiespj = Pr(D = dj) retain their original proportions. We thus assume that each
pj is shifted top′j through

p′j = pj ·
1− x

1− pi

wherex denotes the shifted probability of the diagnostic valuedi. Under this assumption, the
Shannon entropy, the Gini index and the misclassification error respectively, can be written as

H(x) = −
∑

j=1,...,m,j 6=i

p′j · 2log p′j − x · 2log x

= −(1− x)
∑

j=1,...,m,j 6=i

pj

1− pi

· 2log

(
pj

1− pi

· (1− x)

)
− x · 2log x

G(x) = 1− x2 −
∑

j=1,...,m,j 6=i

(p′j)
2 = 1− x2 −

∑
j=1,...,m,j 6=i

(
pj

1− pi

· (1− x)

)2

= (1− x2)− (1− x)2 ·
∑

j=1,...,m,j 6=i

(
pj

1− pi

)2

M(x) = 1−max{x, p′j | j = 1, . . . ,m, j 6= i}

= 1−max{x,

(
pj

1− pi

)
· (1− x) | j = 1, . . . ,m, j 6= i}
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The (partial) derivatives with respect tox of the three measures are

H ′(x) = −2 log x− n

ln 2
+

∑
j=1,...,n,j 6=i

(
pj

1− pi

· 2log

(
pj

1− pi

· (1− x)

))

G′(x) =− 2x + 2 · (1− x) ·
∑

j=1,...,m,j 6=i

(
pj

1− pi

)2

=− 2 ·
(

1 +

(
pj

1− pi

)2
)
· x + 2 ·

∑
j=1,...,m,j 6=i

(
pj

1− pi

)2

M ′(x) =

 1 , if x >
pj

1− pi

, j = 1, . . . ,m, j 6= i

pj

1− pi

, if pj > pk, k = 1, . . . ,m, k 6= j, j 6= i

We observe that the three derivatives are dependent of the original probabilitypi. We further ob-
serve that, as for a binary diagnostic variable, the derivative of the Gini index is a linear function,
while the derivative of the Shannon entropy is not. The derivative of the misclassification error,
again, is a piecewise constant function. Under the assumption mentioned above, we may thus
expect similar behaviour of the three measures for non-binary diagnostic variables as reviewed
above for binary variables.

From the previous analysis, we have that, if the surfaces of Figure 5.3 are intersected with
one of the planesx = 0, y = 0, or x = 1 − y, then the binary functions reviewed before are
found. Intersecting the surfaces with a plane that is perpendicular tox = 0, y = 0, or x = 1− y,
yields a function that has the same shape as the binary function, yet is translated and restricted
in its co-domain. Figure 5.4 shows, as an example, the function that results from intersecting
the surface of the Gini index by the planex = 0.2. Note that, withx = 0.2, the diagnostic
uncertainty is maximal when the other two probabilities both are equal to0.4, that is, when we
have a uniform distribution of the remaining probability mass1 − 0.2 = 0.8. We further note
that the diagnostic uncertainty can never be entirely resolved since there is some uncertainty left
in the valuedi of the diagnostic variable. The minimum of the function consequently equals
1− (0.8)2 − (0.2)2 = 0.32, rather than0.

5.3 The experiment

Building upon our fundamental analysis of the Shannon entropy, the Gini index and the mis-
classification error, we formulated, in the previous section, the differences to be expected in the
test-selection behaviour of the three measures. Based upon our findings, we concluded that the
misclassification error is not as suitable for test selection as the other two measures. In this sec-
tion we therefore focus on the Shannon entropy and the Gini index. To study the differences
between the two measures in a practical setting, we conducted a test-selection experiment using
the measures in the context of a real-life decision-support system in oncology.
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Figure 5.3: The Shannon entropy (a), the Gini index (b), and the misclassification error (c) for a
three-valued variable.
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5.3.1 The test-selection experiment

To study the test-selection behaviour of the Shannon entropy and the Gini index in the context
of the oesophageal cancer network, we extended our decision-support system with a sequential
selection facility. With the facility, we conducted two experiments. For the first experiment,
we extended the oesophageal cancer network with a new binary variableOperablethat sum-
marises the six possible values of the original diagnostic variableStageby classifying a patient’s
oesophageal cancer as operable or inoperable. For the second experiment, we used the test-
selection facility in view of the original six-valued diagnostic variable. For our experiments, we
had available the medical records of 162 patients diagnosed with cancer of the oesophagus. To
simulate a realistic setting, we entered, for each patient, the results of a gastroscopic examination
into the network prior to using the facility; in daily practice, the physicians also start selecting
tests based upon the initial findings from this standard test.

An example
As an illustration of the results that we found from our first experiment, we discuss the test-
selection behaviour of the two measures for a specific patient. When the test selection is started,
the probability of the cancer of this patient being operable, equals0.38; the Gini index of the
distribution over the variableOperableequals0.471 and the Shannon entropy equals0.958. For
the next test to perform, the Gini index and the Shannon entropy suggest different tests. The
Shannon entropy indicates that a CT-scan of the liver is expected to result in the largest decrease
in diagnostic uncertainty, whereas the Gini index selects an endosonography of the oesophageal
wall. More specifically, the expected Shannon entropy is computed to be

H(Pr(Operable| CT-liver=yes)) · p(CT-liver=yes)+

H(Pr(Operable| CT-liver=no)) · p(CT-liver=no) =

0.410 · 0.231 + 0.998 · 0.769 = 0.862

for the CT-scan and0.899 for the endosonography; the expected values of the Gini index are
0.418 and0.412 respectively.

To explain the observed difference in behaviour between the two measures, we study the
shifts in the probability distribution over the diagnostic variableOperablethat are occasioned by
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Figure 5.4: The Gini index for a three-valued variable, withx = 0.2.
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Figure 5.5: The effects of the results of a CT-scan of the liver (a) and of an endosonography of the
oesophageal wall (b), compared against the first derivatives of the Gini index and the Shannon
entropy.
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Table 5.1: The step, in the test-selection process, at which the Shannon entropy and the Gini
index select different tests.

Step Frequency Step Frequency Step Frequency

1 24 7 1 13 0
2 90 8 1 14 0
3 11 9 1 15 0
4 19 10 1 16 0
5 4 11 1 none 3
6 6 12 0

the various test results. Figure 5.5(a) shows, by means of vertical lines, the shifts in distribution
that are yielded by the two possible results of a CT-scan of the liver; the shifts occasioned by
the five different values of the endosonography of the oesophageal wall are shown in Figure
5.5(b). The prior probability of the patient’s cancer being operable is indicated by a bold vertical
line in both figures. From Figure 5.5(a), we observe that the leftmost vertical line, indicating
the probability0.082 of the patient’s tumour being operable given that the result of the CT-
scan of the liver isyes, is well within the range in which the first derivative of the Shannon
entropy no longer approximates a linear function. The shift in the probability distribution over
the variableOperablethat is occasioned by this test result, therefore, is valued much higher by
the Shannon entropy than by the Gini index. The result moreover is relatively likely to be found,
with a probability of0.231. The resultno of the CT-scan is valued more or less the same by
both measures. Two results of the endosonography, on the other hand, are valued more or less
concavely by a constant factor by the Shannon entropy as well as by the Gini index. The other
three results of the endosonography are not within the range where they are valued more or less
the same by the two measures. These three results have very low probabilities, of0.034, 0.097
and0.005, however. The result that serves to shift the probability of interest to0.612, on the
other hand, has a probability of0.252, whereas the result that serves to yield a shift to0.287
has a probability of0.612. Note that although the probability0.287 is not within [0.37, 0.63],
it is quite close to this interval. The shift to this probability is therefore valued more by the
Shannon entropy than by the Gini index, yet not to a large extent. Since the shift occasioned
by the endosonography is expected to result in a larger decrease of the uncertainty involved than
that occasioned by the CT-scan of the liver, the Gini index selects the endosonography as the
best test to perform. The expected decrease in diagnostic uncertainty by the CT-scan, however, is
disproportionally larger with the Shannon entropy than with the Gini index, thereby explaining
the Shannon entropy selecting the CT-scan. Note that these findings are conform the expectations
from our fundamental analysis.

Overall results
So far, we discussed in detail the differences in test-selection behaviour of the two measures
under study for a binary diagnostic variable. We also studied the differences in behaviour for
the original six-valued diagnostic variableStage. Table 5.1 summarises, over all patients, the



54 Chapter 5. The behaviour of information measures for test selection

step in the test-selection process at which the Shannon entropy and the Gini index first selected
a different diagnostic test. From the table we observe that for 24 patients (15%), already the first
test differed. For 90 patients (56%), the measures selected the same diagnostic test for the first
one to be performed, yet chose different tests for the second one. The range of tests selected in
the first two steps was quite limited, however. The Shannon entropy selected the endosonography
of the local region of the primary tumour for 44% of the patients as the most informative test,
the endosonography of the oesophageal wall for 21% of the patients, and the CT-scan of the liver
for 28% of the patients. The Gini index selected the endosonography of the local region of the
primary tumour and of the oesophageal wall respectively, for 44% and 40% of the patients as the
most informative test.

Since the Shannon entropy and the Gini index are commonly taken to be interchangeable
for practical purposes, it is remarkable that for just three patients the two measures selected
the same tests in the same order. The analysis from the previous section serves to explain why
the two measures can select different tests. To explain the large number of differences found,
we recall that, before the test-selection process is started for a patient, we entered the results
from the gastroscopic examination into the network. Since these results tend not to influence the
probability distribution over the diagnostic variable much, the test-selection process was started
with a rather similar probability distribution for many patients. The example patient discussed in
the previous section in fact belongs to this large group of similar patients.

5.3.2 Sensitivity analysis

To study the robustness of the differences in the test-selection behaviour of the Shannon entropy
and the Gini index, we performed a sensitivity analysis of the oesophageal cancer network. In
general, sensitivity analysis of a mathematical model amounts to investigating the effects of
inaccuracies in the model’s parameters by systematically varying the values of these parameters
and studying the impact of the variation on the model’s output [41]. In view of test selection
more specifically, the effect of parameter variation on the selected tests is studied.

The oesophageal cancer network includes some1000 parameters,280 of which capture the
detailed and possibly stratified sensitivities and specificities of the modelled diagnostic tests [50].
In our sensitivity analysis, we varied each of these280 parameters, from0 to 1. Using the two
information measures, we selected the most informative test with respect to the binary diag-
nostic variable as described before, and identified for each parameter for which value the most
informative test changed, building upon the concept of admissible deviation [60]. For75 of the
280 parameters (27%), we found that upon variation at least one of the information measures
suggested another test than with the original value of the parameter. For example, for the pa-
rameterx = Pr(CT-liver=no | Metas-liver=yes), with an original value of0.10, the Shannon
entropy selected the CT-scan of the liver as the most informative test forx < 0.2; for x ≥ 0.2,
it selected the endosonography of the oesophageal wall. The tests selected by the information
measures were not sensitive to variation of the other205 parameters. We note that only if the
original value of a parameter was within the leftmost or rightmost quarter of the[0, 1]-interval,
could varying the parameter to a larger or smaller value result in selecting different diagnostic
tests. This finding corroborates the theoretical properties of sensitivity functions established by
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Renooij and Van der Gaag [47]; they show more specifically that variation of any parameter with
an original value in the mid-half of the[0, 1]-interval can have only a limited effect on an output
probability of interest.

We further noticed that the parameters whose variation could change the selected test, cor-
responded with the tests that were selected in the first three steps of the regular test-selection
experiment. This finding can easily be explained. A highly informative test is likely to induce a
large shift in the probability distribution over the diagnostic variable, with a relatively high prob-
ability. If the sensitivity and specificity characteristics of such a test are varied, the shift in the
probability distribution over the diagnostic variable may become considerably smaller, thereby
effectively decreasing the test’s informativeness. An information measure may then select an-
other test as the most informative one. The only exception to the previous observation pertains to
the laparoscopy of the liver. Although this test was never selected within the first three steps of
the test-selection process, the sensitivity analysis revealed that by varying its characteristics, the
test could become highly informative. The laparoscopy, like the CT-scan, provides information
about the absence or presence of metastasis in the liver, which in turn is highly indicative of the
stage of the cancer. The characteristics of the two tests differ considerably, however. While the
CT-scan of the liver is a highly reliable test, the laparoscopy is not. When the parameters for the
laparoscopy of the liver are varied to the extent to which these approximate the parameters for
the CT-scan, it is readily explained why the selection of the test is sensitive to the variation of its
parameter values. A similar observation does not hold for the tests that serve to give insight in
the absence or presence of metastases in a patient’s lungs, since these have been assessed to have
a lower predictive value on the stage of the patient’s oesophageal cancer.

From the results of our sensitivity analysis, we conclude that the test-selection process based
upon the two information measures is fairly robust. Only when the sensitivity and specificity
characteristics of highly informative tests are varied quite drastically, can the measures be in-
duced to select a different test. This observation suggests that the difference in behaviour be-
tween the two measures can indeed be attributed to their mathematical properties and does not
originate from the specific parameter values in our network.

5.4 Conclusions

Diagnostic decision-support systems are often equipped with a test-selection facility that builds
upon an information measure for assessing diagnostic uncertainty. In this chapter we studied the
Shannon entropy, the Gini index and the misclassification error for this purpose. We analysed
the three measures from a fundamental perspective and investigated their first derivatives. We
argued that the Gini index can be looked upon as an approximation of the Shannon entropy and
that the misclassification error is a two-point approximation of the Gini index.

With respect to their test-selection behaviour, we observed that, although a shift in many
probability distributions over the diagnostic variable is valued similarly by the Gini index and
the Shannon entropy, a shift to rather extreme distributions is valued much higher by the Shan-
non entropy than by the Gini index. Based upon this observation, the two measures are expected,
at least occasionally, to select different tests. We feel that, despite their possible difference in
behaviour, both measures are equally suited for use in a decision-support system. The charac-
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teristics of the application domain under study then determine which of the two measures had
best be used. We furthermore concluded that the misclassification error should not be used for
test-selection purposes due to its tendency to select tests randomly when all possible shifts in the
probability distribution over the diagnostic variable are within the same half of the[0, 1]-interval.

We conducted an experiment to study the behaviour of the Shannon entropy and the Gini
index in a real-life setting. The results from our experiment served to corroborate the differences
in behaviour expected from our more fundamental analysis. A sensitivity analysis with respect
to the selection of tests based upon the two information measures, moreover, showed that test
selection based on the Shannon entropy and the Gini index is quite robust. Since our fundamental
analysis and expectations of the two information measures are independent of our domain of
application, we feel that the differences in test-selection behaviour observed in our experiments
in the domain of oesophageal cancer, are likely to show in other domains as well.



CHAPTER 6

Eliciting test-selection strategies

Decision-support systems are being developed for a wide range of domains. To support the rea-
soning processes in its domain of application, such a system often includes a facility for selecting
tests. In the medical domain, a decision-support system may, for example, suggest a sequence
of diagnostic tests to be performed in order to reduce the uncertainty about a patient’s true con-
dition. The test-selection strategy thereby provides support for the task of diagnostic reasoning.
In most decision-support systems, a facility is offered in which tests are suggested sequentially,
that is, on a one-by-one basis. The system then suggests a single test to be performed and awaits
the user’s input; after taking the test’s result into account, the system suggests a subsequent test,
and so on.

With the help of two experts in gastrointestinal oncology a decision-support system for the
domain of oesophageal cancer has been developed during the last decade [61]; the oesophageal
cancer network embedded in this system has been described in detail in Chapter 2. The oe-
sophageal cancer system at present does not support the selection of diagnostic tests. For a
specific patient, the attending physician orders a number of tests, based upon his or her own
judgement, and simply enters the results into the system; the system does not provide the physi-
cian with information about which tests would be relevant and should be considered next for
the patient under consideration. Building upon the system’s mathematical foundation, however,
a sequential test-selection strategy could easily be designed. Such a strategy would select, on
a one-by-one basis, the test that is the most informative, for example in terms of entropy re-
duction, given the already available patient specifics [1, 13]; we elaborated on such a sequential
strategy in Chapter 5. Upon working with the system, however, we noticed that in daily practice
diagnostic tests are not selected on a one-by-one basis but are ordered in packages instead. We
concluded that a sequential test-selection strategy would be an oversimplification of our experts’
problem-solving practice.

With the advance of protocols for many fields of medicine, guidelines are becoming avail-
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able that prescribe, to at least some extent, the diagnostic tests that physicians should perform
at various intervals in their reasoning processes. Unfortunately, a detailed protocol that could
constitute the basis for a test-selection facility for our decision-support system for oesophageal
cancer, is not available as yet. We decided to design a test-selection facility for our system that
would build upon the arguments used by the experts for deciding whether or not to order specific
tests. The resulting facility would thus more closely fit in with the strategies for test selection
currently used in the domain than a standard sequential test-selection facility.

To acquire knowledge about the actual test-selection strategy employed by our experts and
about the arguments underlying their strategy more specifically, we used an elicitation method
that combined several different techniques for knowledge elicitation [15]. The method consisted
of three main interviews. The first of these was an unstructured interview that was aimed at pro-
viding insight in the overall strategy used by the experts. The second interview was a structured
interview in which further details were acquired. In this latter interview, the experts’ problem-
solving practice was carefully simulated by means of cards, or vignettes, describing realistic
patient cases. By simulating daily routine, we aimed to exclude, as much as possible, the various
different biases that could possibly originate from the elicitation method used. We note that the
idea of following up an unstructured interview by a structured one has been proposed before, for
example in Cognitive Task Analysis [48]. The third and last interview served to review and refine
the flowchart that had resulted from the second interview. We used the elicitation method with
the two experts in our domain of application. We found that the method, and the use of carefully
designed patient cases more specifically, closely fitted in with the experts’ daily practice.

Since we will be using the arguments underlying our experts’ problem-solving strategy to
build a facility for automated test selection, we had to ascertain that we had elicited their strategy
at a sufficient level of detail. To this end, we studied the medical records of real patients and
compared these against the flowchart that we had constructed after the third interview. We found
that the results of the comparison were influenced by various issues. For example, changes in
medical practice over time and patient data originating from different hospitals are likely to have
obscured the results to a considerable extent. Missing values, moreover, had seriously hampered
the comparison. As a consequence, we were not able to derive any definite conclusions from the
comparison.

Since a test-selection facility offered by a decision-support system in general should support
physicians in their daily problem-solving practice, we feel that for the design of such a facility,
knowledge about the actual strategies employed in the domain of application should be elicited
from experts; a standard, sequential strategy may then turn out to deviate too much from daily
routines to be acceptable. Our experiences in the domain of oesophageal cancer have demon-
strated that the knowledge required for the design of a tailored test-selection facility can be fea-
sibly acquired: with our elicitation method, we were able to elicit the arguments underlying our
experts’ strategy in little time. We would like to note that the issues that hampered the evaluation
of the flowchart against the data, are not reserved for our field of application. We feel that these
issues are likely to arise in many retrospective data collections and should be carefully analysed.

The chapter is organised as follows. In Section 6.1, we provide some preliminaries on oe-
sophageal cancer and its therapies. In Section 6.2, we give an overview of the method that we
used for eliciting our experts’ test-selection strategy. In Section 6.3, we describe the results that
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we obtained from the first, unstructured interview. Section 6.4 reports on the second, structured
interview. Section 6.5 reports on the third and last interview that we had with the domain experts.
In Section 6.6 we discuss the results from comparing the elicited flowchart to the data we had
available. The chapter ends with our concluding observations in Section 6.7. This chapter is
based upon joint work with Linda C. van der Gaag, Cilia L.M. Witteman, Berthe M.P. Aleman
and Babs G. Taal [53,54].

6.1 Preliminaries

As described in Chapter 2, generally a number of diagnostic tests are performed to establish the
stage of a patient’s oesophageal cancer. Various different tests are available, giving insight in
different aspects of the cancer. A gastroscopic examination, for example, provides information
about the presentation characteristics of the primary tumour, which include its length and its
location in the oesophagus. A biopsy reveals the histological, or cell, type of the tumour. A
laparoscopic examination of the liver, a CT-scan of the liver and of the lungs, as well as an X-
ray of the lungs provide evidence about the presence or absence of haematogenous metastases.
An endosonographic examination serves to yield information about the depth of invasion of the
primary tumour into the oesophageal wall. The available tests differ considerably with respect
to their reliability characteristics. The sensitivity and specificity characteristics of a diagnostic
test play an important role in the selection of tests in normative decision making, since these
characteristics indicate how useful, or how informative, a negative or a positive result of the test
actually is [58].

For patients suffering from oesophageal cancer, various different treatment alternatives are
available. These alternatives include surgical removal of the primary tumour, administering ra-
diotherapy, and positioning a prosthesis. Providing a therapy aims at removal or reduction of the
patient’s primary tumour to prolong life expectancy and to improve the passage of food through
the oesophagus. The therapies differ in the extent to which these effects can be attained, however.
The main goal of a surgical procedure is to attain a better life expectancy for a patient, that is, the
procedure is curative in nature. Positioning a prosthesis in the oesophagus, on the other hand, is
a palliative procedure that cannot improve life expectancy: it is performed merely to relieve the
patient’s swallowing problems. Radiotherapy can be administered in a curative regime, aimed at
prolonging a patient’s life, as well as in a palliative regime, aimed just at improving the patient’s
quality of life. The most preferred treatment in essence is to provide a curative therapy; of these
curative therapies, a surgical removal of the primary tumour is preferred to a curative regime of
radiotherapy. Providing a therapy, however, is often accompanied not just by beneficial effects
but also by complications. These complications can be quite serious and may even prove to be
fatal. The beneficial effects and complications to be expected from the different therapies for a
specific patient depend on the general condition of the patient, on the characteristics of his or her
primary tumour, on the depth of invasion of the tumour into the oesophageal wall and neighbour-
ing organs, and on the extent of metastasis of the cancer. If serious complications are expected
for the patient, the attending physician may decide to abstain from providing a curative therapy
and to administer one of the palliative treatment alternatives.
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6.2 A method for eliciting test-selection strategies

Before describing the method that we used for eliciting test-selection strategies and before intro-
ducing the setting in which we used it, we briefly review some well-known elicitation methods.

The background
For knowledge acquisition, generally a distinction is made between methods that are aimed at
eliciting object knowledge (knowing that) and methods with which to elicit problem-solving
knowledge (knowing how). For finding out how our domain experts select diagnostic tests,
we needed a method that focused on the latter type of knowledge. Several such methods are
available, among which observation methods, methods for eliciting verbal reports, and think-
aloud methods are the most well known [49,65].

Observation amounts to recording the behaviour that is exhibited by experts while they are
solving problem situations in their domain. Studying the observed behaviour results in a so-
called protocol of actions. This protocol can be analysed to infer the actual problem-solving
strategies used by the experts. Observation methods are most suitable for domains in which
problem solving requires objects to be handled or overt actions to be performed.

The different methods in use for eliciting verbal reports are all variants of the interview. An
interview may be focused but otherwise unstructured, with general questions; the topics to be ad-
dressed during the interview, but not the precise questions are prepared in advance. The interview
may also be structured, containing mostly closed questions. An interview may be held orally or
presented on paper, in the form of a questionnaire. Interviews are especially appropriate for do-
mains in which it is relatively easy for experts to verbalise their knowledge, for example because
their daily routines involve verbalisations of problem-solving behaviour. Unstructured, oral in-
terviews closely resemble normal conversation. The experts are for example asked what they
commonly do when they are confronted with a problem situation in their domain of expertise.
This type of interview provides the interviewer with a global understanding of the structure of
the knowledge domain, and of the type of strategy used for problem solving; more specifically,
the interview results in an overview of the order in which the various reasoning steps gener-
ally are performed. Subsequent structured interviews are suitable to deepen the understanding,
to further clarify the structure of the knowledge domain, and to zoom in on the details of the
problem-solving strategies used by the experts.

Thinking aloud is the only method available for eliciting mental processes more or less di-
rectly. The experts are presented with a prototypical problem situation and are asked to verbalise
their reasoning processes while solving the problem without interruption. Talking out loud con-
currently with solving a problem situation leaves the experts no room or time for interpretation.
They therefore directly reveal the strategies they use for solving the problem. Thinking aloud
appears to be quite easy for most people and has been found not to interfere with their per-
formance [14]. Think-aloud sessions are generally tape-recorded and transcribed for further
analysis.

To conclude we would like to observe that all knowledge-acquisition methods require careful
preparation by the knowledge engineer. While some prior knowledge of the domain is advisable
on the one hand, to understand the experts’ answers and to put the right questions, too much
knowledge on the other hand may cause the engineer not to listen carefully to the expert and to
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interpret answers in the light of his or her own views. Also, the interview questions and problem
situations have to be prepared with care to guarantee that the knowledge aimed at is indeed
elicited. Moreover, the setting in which the various sessions are to be held should be carefully
selected. It should further be noted that, to the experts, some information or reasoning steps may
be so self-evident that they are not verbalised, and consequently not acquired with any of the
available methods. When analysing the acquired information, therefore, the knowledge engineer
should be attentive to unjustified reasoning steps and prompt the experts for further elaboration.

The method
To acquire knowledge about the test-selection strategy used by our experts in the domain of
oesophageal cancer, we employed an elicitation method that combined several of the methods
reviewed above. Because the process of selecting diagnostic tests in essence is a type of problem
solving in which the experts’ behaviour is predominantly mental, the method of observation did
not suit our purpose; with observation methods, we would not be able for example to gain insight
in the experts’ reasons for ordering specific tests. Also, thinking aloud with real, concurrent
patients was not feasible, for evident reasons. We thus focused on interviews for eliciting ver-
bal reports of problem-solving behaviour. We decided to conduct three consecutive interviews.
The aim of the first, unstructured interview, was to obtain insight into the overall test-selection
strategy employed and into the general arguments used by the experts. Since such an unstruc-
tured interview would be focused on the strategy and not on real patients, we were aware that we
risked acquiring a general, text-book procedure rather than the experts’ daily problem-solving
routines. We decided therefore to follow up the first interview by a structured interview in which
the experts were asked to think aloud while deciding, for a number of patients, which diagnostic
tests to order. We felt that working with patient cases in a carefully conducted manner would
closely fit in with the experts’ problem-solving practice and would thus reduce possible biases
from the elicitation method used. The aim of this second interview was to fill in details of the
elicited test-selection strategy and, more specifically, of the arguments underlying the strategy.
We decided not to work with historical patient cases, since the experts might recall these patients
and let the real final outcomes influence their test-selection behaviour. We decided to employ
fictitious patient cases instead, that were designed to be as realistic as possible. Working with
fictitious patient cases brought the additional advantage that it allowed us to design cases with
which we were able to explore the experts’ decision boundaries. The third and last interview
served to review and refine, if considered necessary, the flowchart that had resulted from the
second interview.

The setting
The method for eliciting test-selection strategies outlined above was used with the two experts
from the Netherlands Cancer Institute, Antoni van Leeuwenhoekhuis, who had been involved in
the construction of the decision-support system for oesophageal cancer from its very inception.
Also present during the first two interviews were three researchers from the Institute of Infor-
mation and Computing Sciences of Utrecht University; during the third and last interview, only
two of the latter researchers participated. The first interviewer has a background in medical com-
puter science, providing her with some knowledge about cancer in general and about the various
diagnostic tests involved. The second interviewer has a background in mathematics. She had
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constructed the decision-support system, for which she had held numerous interviews. The two
domain experts and this interviewer thus were very well acquainted with one another. Over the
years, moreover, the second interviewer had gained considerable knowledge about oesophageal
cancer and its treatment. The third interviewer, to conclude, has a background in cognitive sci-
ence and knowledge acquisition; she participated in the first two interviews only.

The three interviews were conducted at the Netherlands Cancer Institute, the home institute
of the two experts. The first interviewer conducted the actual interview, asking the questions that
had been prepared. We felt that the second interviewer, because of her accumulated knowledge
about oesophageal cancer and its treatment, might unknowingly and unwillingly bias the experts
in their answers. She therefore did not partake in the main interview and only asked the more
elaborate questions about the experts’ decision boundaries that emerged during the interviews.
The third interviewer recorded the elicited knowledge and monitored the elicitation process. She
typed the words from the interviews in a laptop, not just concentrating on relevant knowledge
but also on remarkable meta-phrases uttered by the experts. We were aware that typing in a
laptop was likely to result in a less accurate recording of the elicited verbalisations than taping
with a voice recorder. Still a laptop was used instead of a voice recorder because the experts had
previously indicated that they would feel embarrassed by the recording. They did not seem to
feel uneasy by the use of the laptop.

6.3 The first interview

The first interview conducted with the two domain experts was an unstructured, oral interview.
We briefly restate the main goal of the interview and the procedure followed, before presenting
the results.

The goal
The goal of the first interview was to elicit general knowledge about the selection of diagnostic
tests for patients suffering from oesophageal cancer. The main issues to be addressed during the
interview were:

• Are the experts guided by a standard procedure for selecting diagnostic tests, or are they
mainly guided by their own experience?

• Are the various tests performed in parallel or sequentially?

• Are some tests always performed together, or one after the other? For instance, is the
biopsy always combined with a gastroscopic examination of the oesophagus?

• What are the criteria that the experts use for selecting tests?

• What are the experts’ criteria to stop testing?

The procedure
For the interview, we prepared a small number of open questions. The main question was ”Can
you describe the way in which you select and order diagnostic tests, starting from the very first
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consultation with a patient up to and including your final decision about the most suitable ther-
apy?”. Since we wanted to avoid biasing the experts, we let them talk freely and did not interrupt
unless it was strictly necessary, for example when further elaboration was desired. These inter-
ruptions then only consisted of open questions such as ”Why?” or ”Can you describe what you
are thinking right now?”. The interview was conducted in the setting described in the previous
section and took some 30 minutes.

The results
We found that upon first seeing a patient, the experts start with

• a physical examination of the patient;

• an interview with the patient, resulting in information about

– the age of the patient;

– the amount of weight loss suffered;

– the patient’s ability to swallow food.

Subsequently, independent of the results of the physical examination and interview, a number of
diagnostic tests are ordered simultaneously:

• a gastroscopic examination of the oesophagus, resulting in information about

– the shape of the primary tumour;

– the location of the tumour in the oesophagus;

– the circumference of the tumour;

– the length of the tumour;

– the presence of necrosis (substantial decay of tissue);

• a biopsy, mostly performed together with the gastroscopy, revealing

– the histological type of the primary tumour.

In the sequel, we will refer to the physical examination, the interview, the gastroscopic exam-
ination and the biopsy together as thestarting package of tests. The gastroscopic examination
and biopsy serve to give insight in the presentation characteristics of the primary tumour. The
physical examination and the interview with the patient result in an assessment of the patient’s
physical condition. We would like to note that, because our experts work at a highly specialised
centre for cancer treatment, they generally see patients who are referred from regional hospitals
where these tests have already been performed. Often, therefore, the test results are available. If
the experts feel, however, that the tests were performed too long ago, they will order them to be
performed anew.

After the results of the tests from the starting package have become available, the experts
decide whether or not further testing is indicated. Patients with a very poor physical condition
will now just receive highly palliative treatment, without having to undergo further testing. For
all other patients, again a number of tests are ordered simultaneously:
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• a CT-scan of the liver, lungs and thorax, resulting in information about

– the presence of metastases in the loco-regional lymph nodes;

– the presence of haematogenous metastases;

• an X-ray of the thorax, resulting in information about

– the presence of haematogenous metastases in the lungs;

• a sonographic examination of the neck, providing information about

– the presence of metastases in the lymph nodes in the neck;

• an endosonography of the local region of the primary tumour and of the mediastinum,
giving insight in

– the depth of invasion of the primary tumour into the oesophageal wall;

– the presence of loco-regional lymphatic metastases.

These tests primarily serve to establish the extent of metastasis of the primary tumour. In the
sequel we will refer to these four tests together as thebasic package of tests. The tests from
the basic package are again requested in parallel, but only after the results of the tests from the
starting package have become available.

The remaining tests constitute theextensive package of tests:

• a bronchoscopy, resulting in information about

– the depth of invasion of the primary tumour into the trachea and bronchi;

• a barium swallow with fluoroscopy, yielding insight in

– the presence of a fistula (an open connection as a result of decay of tissue) between
the oesophagus and the trachea;

• laparoscopic examinations of the liver, diaphragm and abdomen, resulting in information
about

– the depth of invasion of the primary tumour into the diaphragm;

– the presence of haematogenous metastases in the liver;

– the presence of metastases in the lymph nodes near the truncus coeliacus.

In contrast with the starting and basic packages of tests, not all tests from the extensive pack-
age are ordered just like that: one or more tests may be selected. Whether or not a specific
test from the package is performed very much depends on the location of the primary tumour in
the patient’s oesophagus. If the tumour is located in the upper part of the oesophagus, a bron-
choscopy and a barium swallow are performed to investigate whether or not the primary tumour
has invaded the lungs. No laparoscopic procedures are performed, however, because the primary
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tumour cannot have invaded the diaphragm and, moreover, it is very unlikely that lymphatic
metastases will be found in the upper abdomen. If the primary tumour is located in the lower
part of the oesophagus, on the other hand, no bronchoscopy or barium swallow are performed.
Laparoscopic procedures are then ordered, yet only if surgical treatment is considered.

To summarise, we found that diagnostic tests are ordered in three different packages: the
starting package, the basic package, and the extensive package of tests. The tests from the starting
package will always be ordered, for every patient. These tests are performed in parallel. If a
patient is in a very poor physical condition, the experts will then stop testing and provide highly
palliative care. For all other patients, the basic package of tests is ordered as well. In addition,
one or more tests may be chosen from the extensive package, dependent on the location of the
tumour and on the most preferred therapy at that particular moment in the patient’s management.
Figure 6.1 presents a flowchart summarising the knowledge acquired from the first interview.
In the flowchart, the boxes with rounded corners describe the beginning and end points of the
experts’ strategy. The rectangular boxes capture requests to perform specific tests; the diamonds
represent alternative choices and capture the appropriate questions to decide upon which tests to
order. The arrows in the chart indicate the sequential order in which the various decisions have
to be taken and choices have to be made.

A discussion
From the first interview, various distinguishing features of the test-selection strategy employed
by our experts emerged. We found that diagnostic tests are not ordered sequentially, where the
decision whether or not to order a specific test depends on the result of a previous test. Instead,
the tests are ordered simultaneously, in packages. The most important argument underlying the
experts’ strategy of parallel testing is the loss of time that would be incurred by sequential test-
ing. It may take several weeks before the results of a test become available. The tumour may
have progressed within that time and may thereby render the results from earlier tests obsolete.
Moreover, patients often are in such a poor physical condition that it is preferable not to have
them return to the hospital too often for yet another test. And, even more importantly, the loss of
time may make the difference between a curable cancer and an incurable one. As a consequence
of ordering diagnostic tests simultaneously, however, more tests are likely to be performed than
are strictly necessary. When questioned about such unnecessary testing, our experts indicated
they did not see it as a problem, as the tests are not inconvenient for patients and gaining time is
of primary importance:

”Ordering tests in packages is time saving. You might perform too many tests, but time is so
important that you order all the tests anyway.”

Our experts’ strategy of ordering diagnostic tests in packages thus is supported by a strong argu-
ment. This argument in fact indicates that a sequential test-selection strategy for our decision-
support system would be an unacceptable oversimplification of problem-solving practice. Our
system should offer a strategy that is able to select tests in packages, based upon the argument
reviewed above.

A second feature that we noticed of our experts’ test-selection strategy pertains to the role of
the stage of a patient’s cancer. The experts had indicated before that they first establish the most
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Figure 6.1: A flowchart summarising the knowledge from the first interview.
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likely stage for a cancer before deciding upon an appropriate therapy. We found, however, that a
cancer’s stage only very indirectly plays a role in the selection of diagnostic tests. The decision
which tests to order appears in fact to be based upon the experts’ current idea about the most suit-
able therapy for a patient rather than on the uncertainty about the stage of his or her cancer. For
example, if the tests from the basic package reveal lymphatic metastases in distant lymph nodes,
then surgical removal of the primary tumour is no longer a feasible treatment option for the pa-
tient under consideration. Invasive laparoscopic procedures for establishing the exact extent of
the cancer’s metastasis then are not performed, even though the stage of the patient’s cancer is
still uncertain. To establish the most appropriate treatment alternative for a patient, the experts
appear to gather information that helps them weigh the beneficial effects and complications to
be expected for each alternative. Starting with the best possible alternative, that is to perform a
surgical procedure, they order tests to see whether or not such a procedure is contra-indicated.
Only if the test results indicate that a treatment alternative is not feasible, do they focus their at-
tention on the next-best alternative. We note that over-treatment of a patient may easily prove to
be fatal; under-treatment on the other hand may cause a patient to die prematurely from a cancer
that might have been curable.

”You definitely do not want to miss anything. Missing and over-diagnosing are both bad. For
physicians, however, missing feels worse than over-diagnosing as you want to do no harm. [...]
When your feeling tells you something, but you cannot find it, you continue to look for it.”

The test-selection strategy to be offered by our decision-support system should therefore take
into account the impact of the possible results of a diagnostic test on the appropriateness of the
available therapies rather than just its influence on the uncertainty of the most likely stage of a
patient’s cancer.

Closely related to the role of the stage of a patient’s cancer is the role of the reliability char-
acteristics of the various diagnostic tests in the test-selection strategy employed by our experts.
As we have briefly mentioned in Chapter 4, the literature on medical decision making generally
stresses the importance of taking the sensitivity and specificity characteristics of diagnostic tests
into consideration upon test selection [58]. We found, however, that these characteristics play
no role with our experts, since they do not gather information to reduce their uncertainty about
the most likely stage of a patient’s cancer. They also appear not to take the informativeness of
the remaining available tests into account when they decide whether or not to stop testing. Their
stopping criterion for ordering tests instead seems to be their certainty about the most appropriate
treatment alternative for the patient at hand.

6.4 The second interview

From the first interview we had gained general insight in the test-selection strategy used by
our two domain experts. Building upon the acquired knowledge, we followed up on the first
interview with a second, more focused interview. Once again we briefly restate the goal of the
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interview and the procedure followed, before presenting the main results.

The goal
The goal of the second interview was to fill in the details of the general test-selection strategy that
had been acquired from the two experts during the first interview. More specifically, we aimed
at eliciting the exact arguments used by the experts in their decisions to order a new package of
tests or to refrain from further testing.

The procedure
For this second interview, we wanted to walk through the process of test selection for a specific
patient, from the very first moment the experts see the patient up to and including the selection of
the most suitable therapy. To this end, we designed a structured interview in which we carefully
simulated the experts’ daily problem-solving practice, by means of realistic patient cases. The
experts were asked to think aloud while deciding for these patients which tests to order.

For the interview, we created eight fictitious patient cases; the specifics of these cases are
summarised in Figure 6.2. Because we wanted to obtain as many details as possible about the
test-selection strategy used by our experts, we created both patients for whom the most appro-
priate therapy seemed obvious and patients for whom the best therapy was not so evident. The
first patient case mentioned in Figure 6.2 is an example of a patient for whom the most suitable
therapy is quite evident. We expected that the experts would decide to administer highly pallia-
tive care for this patient. We further expected that the experts would not order the basic package
of tests, nor any tests from the extensive package. For patient 6, however, it is not clear what the
best treatment alternative would be. The patient has a moderately-sized primary tumour and is
in a very good physical condition. In fact, from the results of the tests from the starting package,
the patient appears to be curable. We therefore expected that the experts would consider surgery
and would order the basic package of tests. The results of the tests from the basic package re-
veal distant metastases, unfortunately. With this evidence and the primary tumour being distal,
we expected that the experts would refrain from further testing and would decide to administer
intensive palliative care.

The eight patient cases were carefully designed as illustrated above, by means of the flowchart
that had resulted from the first interview. For each patient case, moreover, we prepared a small
number of questions that allowed us to more closely investigate the experts’ exact decision
boundaries. For patient 7, for example, we expected that the experts would pronounce him
to be incurable, mainly as a consequence of his poor physical condition. The patient’s tumour,
however, is very small and seems to be resectable. To investigate under which conditions the
patient would no longer be deemed incurable, we prepared various what-if questions, such as
”What would you do if the patient were just 58 years of age?” and ”What would you do if the
patient were in moderate health?”.

For each patient case we prepared three cards, or vignettes, with the results from the three
different packages of tests. We created the three cards for every patient, even if it were very
unlikely that even the basic package would be selected. The experts were informed that there
were three cards per patient irrespective of whether or not we expected them to request the
second package of tests or order tests from the extensive package. On each card, a result was
indicated for each test from the package under consideration. Since the experts might feel that
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Patient 1: An 87-year old male with a rather poor physical condition and a large primary tumour.

Patient 2: A 66 year old male who has a large primary tumour, yet is in good physical condition.

Patient 3: A 57-year old male having a very small primary tumour who is in an excellent physical
condition. The tumour is located in the upper part of the oesophagus (a proximal tumour).

Patient 4: This 60-year old male is in excellent condition and has a very small primary tumour located in
the lower part of the oesophagus (a distal tumour).

Patient 5: A 64-year old male in good physical condition with a moderately-sized primary tumour. The
patient has lymph node metastases in his neck.

Patient 6: This 67-year old male has a moderately-sized distal primary tumour and is in a good physical
condition. He has both proximal and distal lymphatic metastases.

Patient 7: An 80-year old male in a very poor physical condition, having a very small primary tumour.

Patient 8: A 59-year old male with a large primary tumour, in a very good physical condition.

Figure 6.2: The eight patient cases designed for the second interview.

the first test results on a card are the most important, we decided to simply list the results in
alphabetical order. We informed the experts about this alphabetical order to avoid biasing their
problem-solving behaviour. Since the tests from a single package would be ordered in parallel,
we decided to present the results of these tests simultaneously, and not one by one. As an
example, Figure 6.3 shows the three cards that we prepared for patient 6.

We asked the experts to discuss each patient case aloud. We asked them more specifically to
verbalise their subsequent reasoning steps in ordering tests and to conclude the discussion of a
patient case with an indication of the most appropriate therapy. We asked them to pretend that
they were ordering real tests for real patients. For each patient, the card with the results of the
tests from the starting package was presented first. Only when the experts indicated that they
would order additional tests, would we show the second card with the test results from the basic
package. Upon studying the second card, the experts also had access to the first card; they could
thus survey the accumulated patient data. When still further testing was desired, the last card
was presented. If the experts did not order any test from the extensive package or even from the
basic package, the associated cards were not shown. The interview was conducted in the setting
described in Section 6.3 and took approximately two hours for the eight patient cases.

The results
We present some fragments of the dialogue between the two experts while they were discussing
patient 6, for whom the three cards shown in Figure 6.3 were created. Upon being presented
with the first card, with the results of the tests from the starting package, the experts reasoned as
follows:
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Weightloss: less than 10%
Physical condition: no COPD, normal heart condition
Passage: puree
          Shape: scirrheus
          Necrosis: yes
          Location: distal
          Length: between 5 and 10 centimeter
          Circumference: circular
Gastroscopy:
Biopsy: adenocarcinoma
Age: 67 years

(a)

X-lungs: yes
Sonography neck: yes
          Wall: T3
          Mediastinum: no
          Loco regio: yes
Endosonography:
          Truncus coeliacus: yes
          Organs: diaphragm
          Lungs: no
          Loco regio: yes
          Liver: no
CT:

(b)

Barium swallow: no
Bronchoscopy: no
Laparoscopy:
          Diaphragm: yes
          Liver: no
          Truncus coeliacus: no

(c)

Figure 6.3: The three cards representing the results of the tests from the starting package (a), the
basic package of tests (b), and the extensive package (c), for patient 6.
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”Oh, an average patient! We regularly see this type of patient. As his physical condition is quite
good and the tumour is of moderate size, we might wish to consider surgery, so let’s do the basic
package of tests.”

We presented the second card, with the results of the tests from the basic package:

”Mmm, there is some discrepancy here. Ah, well, we see them like this. Both proximal and distal
metastases with a distal tumour. However, his condition is still quite good, so we would prefer
to do something. We could consider palliative radiotherapy, also because he is not so old. [...]
If the result from the sonography of the neck had been negative, there would only be metastases
near the truncus coeliacus, which would make surgery a feasible option. Then, laparoscopy
might be interesting. Now that the result of the sonography is positive, laparoscopy is no longer
necessary.”

The experts indicated that no further tests would be ordered.
The two experts discussed the eight patient cases at length. From the knowledge thus ac-

quired, we constructed a new flowchart to capture the experts’ test-selection strategy; the result-
ing flowchart is shown in Figure 6.4. To summarise, our observation from the first interview that
diagnostic tests are ordered simultaneously in three different packages, was not contradicted by
the second interview. Tests from the starting package are always performed. Only if a patient’s
physical condition is quite poor will the experts refrain from further testing and provide highly
palliative care by positioning a prosthesis in the patient’s oesophagus. For all other patients, the
basic package of tests is ordered as well. If the results of the tests from this package reveal distant
metastases, the experts will not order any new tests to be performed and start with local palliative
care, that is, either a prosthesis is positioned in the patient’s oesophagus or a palliative regime of
radiotherapy is administered. If the metastases of the primary tumour are loco-regional, on the
other hand, further tests will be selected from the extensive package to investigate whether or not
surgical removal of the oesophagus is a feasible treatment alternative. If the tumour appears to
be resectable, the appropriate tests from the extensive package will be performed. If it is evident
that the tumour is not resectable, or if contra-indications for surgery have been found, such as a
relatively poor heart condition, the laparoscopic procedures will not be ordered.

A discussion
From the first interview we had learned various distinguishing features of the test-selection strat-
egy employed by our experts. The second interview served to corroborate and further detail our
previous observations. It provided additional insight especially in the way in which the experts
used the results from the different tests as arguments for their subsequent decisions. The second
interview further most prominently demonstrated that, from the very first moment of seeing a
patient, the experts think in terms of appropriate treatment alternatives. In fact, our observations
strongly suggest that it is the task of selecting an optimal therapy that drives the ordering of di-
agnostic tests, rather than the task of establishing the stage of a patient’s cancer. For example,
when discussing one of the patient cases, the experts mentioned:



72 Chapter 6. Eliciting test-selection strategies

CT, X-thorax, endo
Basic tests:

Starting tests:

patient in a
good physical

condition?
of the neck
sonography, sonography

Is the 

Extensive tests:

no

yes
resectable?

Locally no

at distance?

examination, gastroscopy,

local palliation

local palliation

oesophageal cancer
patient diagnosed with

local palliation

curative radiotherapysurgery

no yes

noyes

yes

barium swallow
bronchoscopy
laparoscopy

bronchoscopy
barium swallow,

Metastasis

surgery?
indications
contra-

Extensive tests:

biopsy

interview, physical

Figure 6.4: A flowchart summarising the knowledge from the second interview.
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”We are thinking of surgery as the best therapy right now. Let’s see how deep the tumour has
invaded into neighbouring organs to see if surgery really is an option.”

6.5 The third interview

From the second interview we had gained detailed insight in the test-selection strategy used by
our two domain experts. Building upon the knowledge acquired from the first two interviews, we
decided to follow up with a third interview to verify the exact decision moments captured in the
flowchart that we had constructed. As before, we briefly restate the goal of the interview, before
presenting the results that we obtained.

The goal
While the first two interviews focused mainly on acquiring the exact sequence of tests to be
performed, the third interview focused on the precise decisions taken at the various different
decisions moments in the process of test selection. Building upon the flowchart that had resulted
from the second interview, the main issue to be addressed for each decision moment was whether
it is indeed correct that that particular decision is taken at that particular moment in a patient’s
management.

The procedure
For the third interview, we presented to the experts the flowchart that we had constructed from
the second interview. More specifically, we verbalised, in detail, the various different decision
moments represented in the chart. We thus reviewed at length, with the two experts, each and
every decision, beginning with the decision whether or not to order the starting package of tests
and ending with the various different treatment alternatives. We asked the experts based on which
test results the decisions were taken and what the implications of the decisions would be for the
most suitable therapy. Prior to the interview, we had compared a number of patient data that
had been made available to us for constructing and evaluating the oesophageal cancer network,
against the flowchart. Upon doing so, we had noticed a number of apparent deviations in the data
from the chart and decided to use those deviations to pose structured questions.

The results
As a result of the third and last interview, the flowchart that had resulted from the second inter-
view was carefully refined. The modifications resulted mainly from the sharper decision criteria
that the experts formulated when confronted with the chart. Also the change of focus from the
sequence of diagnostic tests to the sequence of decisions and choice of therapy served to refine
some of the modelled decisions. For example, in the original flowchart, the starting package of
tests included the interview with the patient, a physical examination, a gastroscopic procedure,
and a biopsy. From the data, we had noticed that when only the starting package of tests had
been performed, for most patients an X-ray of the lungs and a barium swallow had been per-
formed as well. When confronted with these observations, the two experts argued that an X-ray
of the patient’s lungs should indeed belong to the starting package of tests and not to the basic
package, since this test will always be ordered for any patient regardless of his or her physical
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condition. A similar conclusion did not hold for the barium swallow. The experts explained that
this test had belonged to the starting package of tests for many years, but that, at present, it was
no longer common practice to perform the test with every patient. The experts further indicated
that it is common practice to perform laboratory examination of, for example, a patient’s blood;
this examination therefore was included in the starting package of tests.

The only fundamental modifications of the original flowchart pertain to the moment of es-
tablishing whether or not a patient’s tumour is resectable. In the original chart, if no evidence of
distant metastases had been found from the tests of the basic package, the next step was to decide
whether or not the patient’s tumour is locally resectable. While reviewing this decision moment
the experts indicated that the result of a bronchoscopy can influence a physician’s assessment of
the resectability of the primary tumour. The bronchoscopy serves to give insight into whether
or not the tumour has invaded the trachea; if it has invaded the trachea, the tumour has grown
through the oesophageal wall into the trachea and is not resectable. In the flowchart, we moved
the bronchoscopy from after the moment of deciding upon resectability to a moment prior to this
decision. Note that the test should still only be performed on patients with a proximal tumour.
The experts further indicated that a barium swallow is only performed if a patient’s primary tu-
mour has proved not to be locally resectable. A barium swallow serves to reveal the presence of
a fistula. Only if the tumour has invaded the trachea, such a fistula may be present. The presence
of a fistula forestalls the administration of any scheme of radiotherapy, and the only treatment
option left is the positioning of an endoprosthesis. The details that we thus elicited, have been
incorporated into the flowchart. The final flowchart is presented in Figure 6.5.

A discussion
In the first two interviews, we had learned a considerable amount of knowledge about the test-
selection strategy employed by the experts in their daily routine. We had subsequently captured
this knowledge into a flowchart. The focus in the first two interviews was on the sequence of
diagnostic tests and on the packages in which the tests were ordered. By analysing the patient
data that we had available, we found that we required more detailed information about the exact
arguments, or in other words, the test results, based upon which the various decisions were
taken. Since we would take these decisions as a basis for our automated test-selection facility,
we decided to conduct a third interview to elicit the exact decisions and the underlying arguments.
In this interview, we reviewed the flowchart that had resulted from the previous interviews. The
majority of the changes resulting from the third interview were minor refinements of the chart
with little impact on the modelled overall test-selection strategy. After the third interview, we felt
confident that we had elicited the test-selection strategy employed by the two experts in sufficient
detail. We continue our discussion based upon the flowchart presented in Figure 6.5.

6.6 Comparing data against the elicited strategy

Since we would use the arguments underlying our experts’ problem-solving practice to build
a facility for automated test selection, we wished to ascertain that we had elicited their test-
selection strategy at a sufficient level of detail. To this end, we studied the medical records of
real patients from the experts’ institute and compared these against the flowchart that had resulted
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after the third interview. We found that the results of the comparison were influenced by various
issues. For example, changes in medical practice over time and patient data originating from
referring hospitals are likely to have obscured the results to a considerable extent. Missing values,
moreover, seriously hampered the comparison. Since many retrospective databases in medicine
are likely to have the same limitations as the data under study, we feel that the problems that we
encountered upon our analysis of the data, are likely to be found in other medical applications as
well.

6.6.1 The data

For comparing the elicited test-selection strategy against our expert’s problem-solving practice,
we had at our disposal the medical records of 156 patients diagnosed with oesophageal cancer
from the Antoni van Leeuwenhoekhuis. The data were collected over a period of 11 years. The
data had been entered into a database from paper records, by two medical students. For each
patient, various symptoms and test results were available, such as the results from a gastroscopic
examination of the oesophagus and an assessment of the patient’s ability to swallow food. For
each patient, a maximum number of 28 results could have been available, originating from 12
different physical tests. The number of available results per patient, however, ranges between
8 and 24. On average, 13.9 tests results are available per patient; the median of the number of
available results equals 14. The data therefore are relatively sparse. We would like to note that
the data only record the results from the various tests and do not provide any information about
whenthe tests were performed. For each patient, also various other data were recorded. For
example, the stage of the patient’s cancer, as established by the attending physician, as well as
the administered therapy are available. In addition, values for various intermediate, unobservable
variables are stated such as the absence or presence of haematogenous metastases; these values
basically are conjectures by the physician.

6.6.2 Analysis of the patient data

We studied the collection of available patient data and compared these against our flowchart. For
every patient, we established from the flowchart which decisions should have been taken and
which tests should have been performed, and compared these against the data recorded for the
patient. We will discuss our results in three parts. In the first part, we focus on the availability of
results of the various different diagnostic tests and packages. The second part addresses whether
or not packages were ordered in accordance with the flowchart, based upon the actually available
test results. Due to the large number of missing values, we were not able to establish the exact
decisions for many patients. Since we do not only have available actual test results but also
the physicians’ conjectures about the values of various intermediate, unobservable variables, we
decided to use these conjectures in a second evaluation of whether or not packages were ordered
in accordance with our flowchart. The results of this second evaluation are reported in the third
part.

Availability of test results
We begin by studying the availability of results from the various different tests. From the
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flowchart, we have that every patient has to undergo all tests from the starting package. However,
as shown in Table 6.1, the ability to swallow food, the weightloss suffered and the WHO-status
were not recorded for every patient. We further observe that the gastroscopic examination indeed
was performed for all 156 patients. However, for some patients, the results from this examination
with respect to the shape and circumference of the primary tumour and the presence or absence
of necrosis were not recorded. These missing values are most probably due to the presence of
a large tumour: if the endoscope cannot pass by the primary tumour, the laboratory technician
cannot assess the tumour’s characteristics. From the 13 possible test results from the starting
package of tests, between 7 and 11 were available per patient. Of the five physical diagnostic
tests, between two and four were performed. A test was marked as having been performed on a
patient if at least one of its results was recorded in the patient’s data. We would like to note that
from the starting package of tests, the results of the physical examination of the patient’s neck,
for example, were not recorded in our data at all.

From the flowchart, we have that all patients with a good physical condition should undergo
the basic package of tests; the patients with a poor condition should not receive any further
testing. For 21 (or 13%) of the 156 patients, we could not establish the physical condition from
the available data. For 19 of these patients, the WHO-status was not recorded; for the other two
patients, the amount of weightloss suffered was missing. 125 patients (80%) were in a good
physical condition. 10 patients (6%) had a poor condition. We observe that one (10%) of these
10 patients indeed did not undergo further testing; 9 of these 10 patients (90%) received the basic
package of tests although they should not have received any further tests according to the chart.
From the 21 patients for whom we were not able to decide upon their physical condition, 19
patients (90%) received tests from the basic package; the remaining two patients (10%) did not
receive any further tests. Of the 125 patients with a good physical condition, 13 patients (10%)
did not undergo any test from the basic package of tests. The remaining 112 patients (90%)
indeed received the package. We marked a package as having been performed if one or more
results for any of the tests were recorded in the patient’s data. We found that 24 patients of the
total of 140 patients who received the basic package, underwent all four diagnostic tests from the
package. Of the 16 patients who did not receive the basic package of tests, the medical records
of two patients revealed that the X-ray of the lungs showed metastases. It therefore is readily
explained why the basic package of tests had not been ordered for these patients.

From the flowchart, we now observe that a bronchoscopy should only be performed on pa-
tients with a good physical condition who have a proximal primary tumour that has not yet
resulted in distant metastases. For one patient (0.6%), all conditions for a bronchoscopy were
fulfilled. For 148 patients (95%), at least one of the conditions were violated. For the remaining
7 patients (4%), we could not decide whether or not they should undergo the bronchoscopy. The
one patient who fulfilled all conditions did not receive the bronchoscopy. For the 148 patients
who should not undergo a bronchoscopy, 13 patients (8%) nevertheless received one. Eleven of
these patients had a non-proximal tumour. Of the 7 patients for whom we could not establish
whether or not they should undergo a bronchoscopy, 4 patients received one.

From the flowchart, we further have that a barium swallow should only be ordered for patients
in a good physical condition who have a non-resectable primary tumour without any distant
metastases. For three patients (2%), all conditions for a barium swallow were fulfilled. For 69
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patients (44%), at least one of the conditions were violated. For the remaining 84 patients (54%),
we could not decide whether or not they should undergo the barium swallow. The three patients
who fulfilled all conditions, indeed underwent a barium swallow (100%). From the 69 patients
for whom a barium swallow should not be ordered, 54 patients (78%) nevertheless received one.
From the 84 patients for whom we did not have sufficient data available to decide upon the
barium swallow, 71 patients (85%) underwent the test.

To conclude, we address the availability of results from a laparoscopic examination. From the
flowchart, we have that a laparoscopic examination should only be ordered for patients in a good
physical condition who have a resectable primary tumour without any distant metastases and for
whom no contra-indications for surgery are recorded. For 48 patients (31%), at least one of the
conditions were violated. For the remaining 108 patients (69%), we could not decide whether or
not they should undergo the laparoscopic examination, because of lack of information about the
possible contra-indications for surgery. Of the 48 patients who should not receive a laparoscopy
according to our flowchart, 12 patients (25%) nevertheless underwent one. Of the 108 patients
for whom we could not decide whether or not they should receive a laparoscopy, 14 patients
underwent one. We observed that 14 patients received both a barium swallow and a laparoscopy,
although our flowchart indicates that these two tests should never be ordered for the same patient.

Analysis of the decisions
After having studied the overall availability of test results, we now conduct a more detailed
walk-through of the flowchart, focusing on the various decisions. For each decision moment
in the chart, we analyse, more specifically, which decision had to be taken. A summary of the
results is given in Figure 6.6 for ease of reference.

From the flowchart we observe that every patient should undergo the starting package of
diagnostic tests. After the results from the tests of this package have become available, the
physician has to decide upon the physical condition of the patient. The condition is considered
to be good if the patient has a WHO status smaller than 2; if the WHO status is larger than 2, the
patient’s condition is considered poor. A patient with a WHO status of 2 is in a poor condition if
he is over 85 years of age and has suffered more than 15% weightloss; otherwise, his condition
is taken to be good. If his physical condition is poor, the patient should undergo local palliation
without any further testing; otherwise, the patient will receive the basic package of diagnostic
tests. As discussed above, we found that, of the total of 156 patients, 125 patients (80%) were in
a good physical condition. Ten patients (6%) were in a poor physical condition. For 21 patients
(13%) we were not able to decide upon their physical condition. We found that, of the 10 patients
who should not undergo further testing, only one patient indeed did not receive any further tests.
The other 9 patients received further tests from the basic package of tests. These nine patients in
addition received a barium swallow from the extensive package of tests. One of these 9 patients
even underwent a bronchoscopy and three of these patients received a laparoscopy.

For the 125 patients with a good physical condition and the 21 patients for whom we could
not decide upon their condition, we continue the comparison against the flowchart. From the
chart we now observe that, once the results of the tests from the basic package are available, it
is again decided whether the patient should undergo further testing or receive local palliation.
This second decision is based upon the absence or presence of distant metastases. If metastases
distant from the primary tumour have been found with at least one of the tests, the patient should



6.6. Comparing data against the elicited strategy 79

Table 6.1: Availability of test results.
Test % available

(n=156)
Passage 98.7
Weight loss 95.5
Age 100
WHO-status 87.8
Gastro-location 100
Gastro-shape 99.4
Gastro-length 100
Gastro-circumference 98.7
Gastro-necrosis 98.72
Barium swallow 82.1
Biopsy 99.4
Bronchoscopy 10.9
X-ray lungs 75
Sonography neck 21.2
Sonography liver 55.8
Endosonography wall 30.8
Endosonography mediastinum 30.8
Endosonography loco 30.8
CT-organs 74.4
CT-lungs 72.4
CT-local region 71.2
CT-liver 62.2
Lapa-diaphragm 10.9
Lapa-liver 12.2
Lapa-truncus coeliacus 11.5
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Figure 6.6: A tree summarising for how many patients which decision could be made according
to our flowchart, based upon just the available results.
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receive local palliation without further testing; if there is no evidence of distant metastases,
additional tests should be performed from the extensive package. For proximal tumours, all
metastases except those located in the cervical lymph nodes, are classified as being distant; for
distal tumours, all metastases except those in the coeliac lymph nodes are distant; for a tumour
located in the mid part of the oesophagus, all metastases are distant. We found that, of the 125
patients with a good physical condition, 16 patients (13%) did not have any evidence of distant
metastases; these patients therefore should undergo further testing. Distant metastases were
established in 26 patients (21%). Although these patients should receive palliative treatment
without further testing, 20 patients of these 26 received one or more tests from the extensive
package. For 83 patients (66%), unfortunately, we could not establish the presence or absence
of distant metastases from the available test results. Of the 21 patients for whom we could not
decide upon their physical condition, two patients (10%) had no evidence of metastases distant
from the primary tumour. In three patients (14%), distant metastases were established; these
patients nevertheless received the barium swallow from the extensive package of tests. For the
remaining 16 patients (76%), we did not have sufficient data to decide upon the absence or
presence of distant metastases.

We continue our walkthrough of the flowchart with the 117 patients for whom we were able
to decide that no metastases distant from the primary tumour were present, or for whom we
could not decide upon the absence or presence of distant metastases. In the absence of distant
metastases, only patients with a proximal tumour should receive a bronchoscopy from the exten-
sive package of tests. Of the 18 patients for whom further testing was indicated, only one patient
(6%) had a proximal tumour. This patient did not receive a bronchoscopy, however. From among
the other 17 patients, one patient received a bronchoscopy even though his primary tumour was
located in the mid part of the oesophagus. When questioned about this observation during the
third interview, the experts indicated that large tumours in the middle of the oesophagus can also
grow into the trachea. The bronchoscopy is then performed to establish whether or not the tra-
chea has actually been invaded. We concluded that our flowchart did not capture the criterion to
decide upon performing a bronchoscopy in sufficient detail and consequently adapted it. Of the
total of 99 patients for whom we were not able to decide upon the absence or presence of distant
metastases, 13 patients (13%) received a bronchoscopy. Nine patients of these 13 did not have
a proximal tumour. We would like to note that 13 of all 156 patients received a bronchoscopy
while our flowchart indicated that they should not have; 11 of these 13 patients had a tumour in
the middle or lower part of the oesophagus.

The flowchart now shows that for the remaining 117 patients under study, it is decided
whether or not the primary tumour is locally resectable. This decision is based upon the depth
of invasion of the tumour. If the primary tumour has grown through all the layers of the oe-
sophageal wall and into a neighbouring organ, it cannot be locally removed; if the tumour is still
confined within the oesophageal wall, it is considered to be resectable. The depth of invasion
of the primary tumour is determined from the result of the endosonography of the oesophageal
wall. If the result is T4, there is evidence that the tumour has invaded a neighbouring organ
and, hence, is not resectable; otherwise, the tumour is restricted to one of the inner layers of the
oesophageal wall and is resectable. Upon studying the medical records of the 16 patients in a
good physical condition who did not have any evidence of distant metastases, we found that 4
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patients (25%) had a resectable tumour. The tumours of three of these 16 patients patients (19%)
were not resectable. For the remaining nine patients (56%), resectability of their primary tumour
could not be established from the available data because no result from an endosonography of the
oesophageal wall had been recorded. For the 83 patients who were in a good physical condition,
but for whom we were not able to decide upon the absence or presence of distant metastases, 21
patients (25%) had a resectable tumour. The tumours of six patients (7%) were not resectable.
For 56 of these 83 patients (67%), resectability of their tumour could not be established. Of
the two patients for whom we could not decide upon their physical condition yet who did not
have any distant metastases, one patient (50%) had a resectable tumour; for the other patient, we
could not decide upon the resectability. For the 16 patients for whom we could not decide upon
their physical condition nor upon the absence or presence of distant metastases, four patients
(25%) had a resectable tumour; for the other twelve patients (75%), we could not decide upon
the resectability of their primary tumour.

We continue our analysis with the 87 patients who do not have a locally resectable tumour,
no distant metastases, and are in a good physical condition, or in whom one or more of these
conditions could not be established from the available data. For just three of these 87 patients,
all conditions for a barium swallow were fulfilled; all three patients indeed underwent the test.
For 78 of the remaining 84 patients (93%), were were not able to decide upon the resectability of
the tumour; 65 of these 78 patients (83%) underwent a barium swallow. The other 6 of these 84
patients (7%) had an irresectable tumour, however; 5 of these 6 patients (83%) received a barium
swallow. It is remarkable that, of the total of 156 patients, 54 patients received a barium swallow
while their tumours appeared to be resectable or had given rise to distant metastases, or they
were in a poor physical condition. These 54 patients therefore underwent the test while it was
not indicated by the flowchart. When questioned about this observation, the experts indicated
that in the past, the barium swallow was used as the very first test upon a suspicion of cancer of
the oesophagus. Nowadays, the barium swallow is no longer part of the starting package of diag-
nostic tests. The experts further indicated that a barium swallow is likely to be performed when
the patient is considered for radiotherapy. The test then is not performed as part of the diagnostic
phase of the management of the patient, but for therapeutic reasons. These two considerations
are likely to explain the difference we observed between the flowchart and the patient records.

To conclude, the flowchart indicates that for each patient in a good physical condition with a
resectable primary tumour that has not yet resulted in distant metastases, it is decided whether or
not surgery is feasible. This decision is based upon an assessment of the condition of the patient’s
heart, lungs and liver. Since we did not have such assessments available in our data collection,
unfortunately, we were not able to complete the comparison of our data against the flowchart.

The analysis reviewed
From the previous section, we observe that our comparison of the available patient data against
the flowchart was seriously hampered by the large number of missing test results: for 113 of
the total of 156 patients (72%) we were not able to establish the correct decision based upon
the results of the various different diagnostics tests, at one or more decision moments in the
flowchart (disregarding the decision pertaining to the contra-indications for surgery). Now, as
we have described in Section 6.6.1, our data collection contains not just results from diagnostic
tests, but also conjectures by the attending physicians. These conjectures pertain for instance to
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the true presence or absence of metastases in various lymph nodes and organs. We decided to
conduct another walkthrough of the flowchart, this time using both the available test results and
the recorded conjectures. The results are summarised in Figure 6.7, for ease of reference.

From the flowchart we once again have that the first decision concerns the physical condition
of a patient. We recall that for 21 patients we could not decide upon their condition. Since
none of the recorded conjectures provides further information about a patient’s condition, we
still could not decide upon the physical condition of these 21 patients. For the 125 patients who
proved to have a good physical condition, we previously found that for 83 of these patients we
could not decide upon the presence or absence of distant metastases. Especially the results from
a physical examination of the patient’s neck and from a CT-scan of the truncus coeliacus were
often missing for this purpose. Using the physicians’ conjectures with regard to the absence or
presence of metastases near the truncus coeliacus and in the neck, we were now able to decide
whether or not distant metastases were present for 36 of these 83 patients. For 12 of these 36
patients (33%), no metastases distant from the primary tumour were indicated; for the other 24
patients (67%), such metastases appeared to be present. In our previous walkthrough, we further
found that for 16 patients we were not able to decide upon their physical condition nor upon the
absence or presence of distant metastases. For 5 of these patients, we still were not able to decide
upon the absence or presence of distant metastases with the help of the recorded conjectures. For
4 of the remaining 11 patients (36%), the conjectures indicated that no distant metastases were
present. For 7 of the 11 patients (64%), distant metastases were present.

We now continue our walkthrough with the 86 patients who are in a good physical condition
and for whom we were able to decide that no distant metastases were present, or for whom
we could not decide upon either the condition or the absence or presence of distant metastases.
We consider for these patients the decision with respect to the resectability of their tumour.
We recall that this decision is based upon the result of an endosonography of the oesophageal
wall. Unfortunately, as we mentioned before, this result was missing rather often. The T stage
of the tumour, moreover, was not summarised in any conjecture by the physicians. Using the
conjectures therefore did not further contribute to our previous analysis.

Using the conjectures recorded in the patient data, we reduced the number of patients for
whom we were not able to take one or more decisions from our flowchart, from 113 (72%)
to 83 (53%). Note that for still quite a large number of patients, we could not complete our
walkthrough of the flowchart as a consequence of missing values.

6.7 Conclusions

Upon working with our decision-support system for oesophageal cancer, we felt that using the
sequential test-selection strategies commonly proposed in the decision-making literature would
be an oversimplification of our experts’ daily problem-solving practice. We decided to acquire
knowledge about the actual strategy used by the experts to provide for the design of a more tai-
lored test-selection facility. For this purpose we used an elicitation method that was composed
of three focused interviews: an unstructured interview, followed up by a structured one and an
interview for refinement purposes. With the first, unstructured interview, we found that tests
were ordered not sequentially but in three different packages, with the tests from a single pack-
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Figure 6.7: A tree summarising for how many patients which decision could be made according
to our flowchart, based upon the available test results and recorded conjectures.
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age ordered simultaneously. With the second, highly structured interview, we were able to fill in
the details of the general strategy that we had elicited. More specifically, we were able to estab-
lish the different arguments underlying the experts’ test-selection decisions. The third interview
aimed at reviewing the flowchart resulting from the second interview in detail and refining it.

With the structured interview, we carefully simulated the experts’ problem-solving practice
through the use of fictitious patient cases. Each patient case was captured by three different
cards, or vignettes, with the results of the three packages of tests. These cards were presented
sequentially to the experts. We found that our approach indeed closely fitted in with our experts’
daily practice. In fact, they explicitly mentioned that using the cards was very intuitive:

”These cards and the way we discuss them are very similar to how patients are presented during
the sessions we have with colleagues when we discuss patients.”

The use of the cards thus worked quite well. The only difference with the experts’ daily problem-
solving practice may have been that in the current interview setting, not facing a real patient and
with less time pressure, the experts were more consistent and more thorough in their decisions
than they usually are. One of the experts mentioned:

”Perhaps we are now more consistent than we normally are in practice.”

We felt that linking up with practice was highly advantageous for the purpose of acquiring knowl-
edge of the test-selection strategy used by our experts. We would like to note, however, that
especially for the set-up of the second, structured interview, prior domain knowledge appeared
to be imperative. Without considerable prior knowledge, we would not have been able to design
the fictitious patient cases in a way that allowed us to explore the experts’ decision boundaries.

We feel that a test-selection facility offered by a decision-support system should support
physicians in their daily problem-solving practice and should therefore be based upon the argu-
ments experts use in their decisions to order specific tests. We feel, in addition, that to design
such a facility, knowledge about the actual test-selection strategy used should be elicited from
experts in the domain of application. A standard sequential facility may then turn out to be
unacceptable to the physicians who are the projected users of the system. In this chapter, we
have demonstrated that eliciting test-selection knowledge from experts can indeed be feasible
and is likely to result in a wealth of detailed information that can provide for a carefully tailored
test-selection facility.

Since we wished to ascertain that we had elicited sufficient detail for the design of an auto-
mated test-selection facility, we compared the medical records of 156 patients against the elicited
strategy, using the flowchart that we had constructed from the interviews. We found that the re-
sults of our comparison were influenced to a large extent by various issues. The data in a patient’s
record often originated from different hospitals. The data being available from different sources
tended to influence the experts’ selection of tests and thereby obscured their compliance with
the flowchart. Moreover, our data was collected over a longer period of time during which the
medical practice had changed. These changes were hard to detect from the data itself without
consulting the experts. To conclude, our analysis was seriously hampered by a relatively large
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number of missing values, especially since a missing value could have different meanings. As
a consequence of these issues, we were not able to derive any definite conclusions from our
comparison. We feel that the above and other related issues are not reserved for our field of
application. In fact, we feel that these issues are likely to arise in many retrospective real-life
medical data collections and should be carefully analysed.



CHAPTER 7

New algorithms for test selection in
probabilistic networks

In Chapter 3, we reviewed the various concepts that are involved in the design of an automated
test-selection facility for a decision-support system in general. We argued that, roughly speaking,
such a facility is composed of three basic components: an information measure for capturing the
uncertainty about the overall diagnosis, an actual test-selection loop, and an associated criterion
for deciding when to stop gathering further information. In the context of a probabilistic network,
the information measure is typically defined on the probability distribution over the main diag-
nostic variable of the network under study. For the oesophageal cancer network, for example, the
information measure is defined on the probability distribution over the variable representing the
stage of the oesophageal cancer. In Chapter 5 we analysed the most often employed information
measures from a fundamental perspective as well as from an experimental perspective. We con-
cluded that, for test-selection purposes, both the Shannon entropy and the Gini index are suitable
information measures for use in a test-selection facility.

With respect to the test-selection loop, we argued in Chapter 3 that most algorithms in use in
practical decision-support systems serve to select diagnostic tests myopically. In each iteration
of the loop, the most informative test variable is selected from among all possible test variables
to indicate the next test to perform. The user is then prompted for the value of the selected
variable. The result is entered into the probabilistic network of the system and propagated to
establish the posterior probabilities for all variables. From the set of test variables still available,
the next variable is selected. This process of selecting test variables and propagating their results
is continued until a stopping criterion is met or until results for all test variables have been entered
into the network.

We feel that the test-selection strategy that is induced by a myopic algorithm is an oversimpli-
fication of the experts’ problem-solving strategy in many medical fields of application. From the
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three interviews that we held with our experts in the domain of oesophageal cancer, as reported
in Chapter 6, for example, we learned, that the test-selection strategy they employ in their daily
practice is aimed at deciding between different therapies rather than at establishing the stage of
the disease. In their strategy, moreover, different subgoals can be identified that are addressed
sequentially; these subgoals are captured by the decision moments in our flowchart from Figure
6.5. We feel that a more involved test-selection facility should be able to take such subgoals into
account.

In addition to the considerations above, we feel that also the myopic nature of the algorithms
currently in use presents an oversimplification of test selection in many fields in medicine. In
the domain of oesophageal cancer, for example, multiple test variables serve to model the results
of a single physical test. Moreover, our experts have been found to order tests in packages
to reduce the length in time of the diagnostic phase of a patient’s management. For the latter
purpose, especially, a non-myopic test-selection algorithm would be required. We argued in
Chapter 3, however, that a fully non-myopic algorithm is computationally very demanding and,
in fact, may easily prove to be too much demanding for practical purposes. With respect to the
first consideration for non-myopia, we observe that an algorithm that takes a fixed clustering of
test variables into account, would suffice. Such an algorithm would retain some of the idea of
non-myopia, yet stay computationally feasible.

In Chapter 3, we argued that a test-selection facility should result in a strategy in which
not too many tests are selected. Even more importantly, it should prevent the test-selection
process from halting too soon. To prevent overtesting, a test-selection algorithm is typically
extended with a stopping criterion. With such a criterion the algorithm computes if performing
more diagnostic tests is necessary or that the physician can safely stop testing. In the literature
on automated test selection, relatively little attention has been paid to stopping criteria. As
a stopping criterion, generally the probability of the most likely value of the main diagnostic
variable is examined: if this probability exceeds a predefined threshold, then the selection of
further tests is halted.

In this chapter, we address the issues of employing subgoals and of including restricted con-
cepts of non-myopia in test-selection algorithms. Section 7.1 presents three new algorithms that
build upon these issues. In Section 7.2 we introduce four stopping criteria to be used with our
new algorithms. In Section 7.3 we describe the experiments that we conducted with our new
algorithms and stopping criteria. This chapter ends with our conclusions in Section 7.4.

7.1 New algorithms for test selection

Before presenting our new algorithms for test selection in probabilistic networks, we briefly re-
view the basic myopic algorithm discussed in Chapter 3. We recall that this algorithm takes for
its input a setT of test variables. For its output, the algorithm sequentially prompts the user to
supply a value for a selected variableTi ∈ T . The value entered by the user then is propagated
through the probabilistic network under consideration before the next variable is selected and
presented to the user. The selection of a next test variable is based upon the largest expected
decrease in the value of the information measure used. Based upon our considerations from
Chapter 5, we assume from now on that the algorithm employs the Gini index of the probability
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distribution over the disease variable; note that any information measure, however, can be used.
The basic myopic algorithm, including a stopping criterion, now amounts to the following in
pseudo-code:

Myopic test selection

input:
T : list of test variablesTi

Stop= false
while T 6= ∅ and Stop6= true do

compute most informativeTi ∈ T
prompt for evidence forTi and propagate
removeTi from T
computeStop

od

From a computational point of view, the most expensive step in the algorithm is the step in which
the most informative test variable is selected. In this step, the Gini indexG(Pr(D | Ti)) has to be
computed for each test variableTi. We note that the probability distributionsPr(D | Ti) required
for this purpose can be computed efficiently using Bayes’ rule:

Pr(D | Ti) = Pr(Ti | D) · Pr(D)

Pr(Ti)

The probability distributionPr(D) and Pr(Ti) for each test variableTi are already available
after the last test result had been entered and therefore do not require any further propagations.
The probability distributionsPr(Ti | D) for all test variables can be established by propagating
the various possible values for the disease variableD. The number of propagations required to
establish these distributions for all test variables simultaneously thus equals the number of values
of D.

We have argued above that the test-selection strategy implied by this basic myopic algorithm
seems to be an oversimplification of the test-selection routines that are found in many medical
fields of application. To arrive at a test-selection facility that fits in more closely with daily
practice, we enhance the basic myopic algorithm to take a sequence of different subgoals into
consideration. To this end, the algorithm is extended to take a listS of subgoalsSi as part of
its input. The algorithm now performs test selection per subgoal, that is, for each current sub-
goal it focuses on the test variables that provide information about that particular subgoal. For
this purpose, the algorithm has to be provided with information about which variables provide
information about which subgoals. This information can in essence be computed automatically
from the probabilistic network under consideration, for example, using feature selection tech-
niques [30,35]. However, since this type of information is rather easily given by domain experts,
we decided to provide it as part of the input to the algorithm. For every subgoalSi, all test vari-
ables that provide information about that specific subgoal, are included in the subsetT (Si) of T .
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We would like to note that the subsetsT (Si) do not have to be mutually disjoint: test variables
may provide information about various subgoals.

In the presence of subgoals, we further need to reconsider the stopping criterion that is to
be used by the algorithm. We recall that such a criterion is included to prevent overtesting.
The stopping criterion should now take the subgoals into consideration as well as the overall
goal. While selecting test variables for a specific subgoal, for example, the algorithm should be
allowed to move to the next subgoal when no further information is needed with regard to the first
subgoal even though there still are some tests left for that goal. Also, if for a specific subgoal the
stopping criterion indicates that the test-selection process should continue, the algorithm should
be allowed to stop selecting tests altogether if the value of the overall goal indicates that further
testing is not necessary. The stopping criterion will be discussed in more detail in Section 7.2;
for now it suffices to note that we will use two separate variables in our algorithms to provide for
a stopping criterion that takes the subgoals and the overall goal into consideration.

Our first algorithm now computes the most informative test to be performed at the level of
single test variables. The user is prompted for just the selected test variable and only the evi-
dence for this variable is propagated throughout the network, before the test-selection process is
continued.

Algorithm A1: myopic test selection with subgoals

input:
S: list of subgoalsSi

T : list of test variablesTj, organised in sublistsT (Si) per subgoalSi

Stop-subgoal(Si)=false
Stop-overall=false
while S6= ∅ andStop-overall6=truedo

select nextSi from S
removeSi from S
while T (Si) 6= ∅, Stop-subgoal(Si)6=trueandStop-overall6=truedo

compute most informativeTj ∈ T (Si)
prompt for evidence forTj and propagate
removeTj from T
computeStop-subgoal(Si)
computeStop-overall

od
od

As an example of the concept of subgoal, we consider again the domain of oesophageal cancer.
From our interviews with the experts, as described in Chapter 6, the various different subgoals in
their test-selection strategy are readily established. These subgoals are the physical condition of
the patient, the presence or absence of distant metastases, the resectability of the primary tumour,
and the presence of contra-indications for surgery, which are to be addressed in the indicated
order. For the subgoal pertaining to the presence of distant metastases, for example, the relevant
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diagnostic tests are a CT scan of the abdomen, a CT scan of the thorax, an endosonography of
the local region of the primary tumour and of the truncus coeliacus, a laparoscopic examination
of the liver and truncus coeliacus, a physical examination of the neck, an ultrasound of the neck,
and an X-ray of the patient’s chest. All variables that serve to capture results of these tests are
included in the set of test variables for that subgoal.

The algorithm now proceeds as follows. It selects the first subgoal from the listS of sub-
goals. It then selects the set of all test variables that provide information about the selected
subgoal. From among these test variables, it selects the variable that is expected to yield the
largest decrease in diagnostic uncertainty. The user then is prompted to enter evidence for the
selected variableTj. The entered evidence is propagated throughout the network, resulting in the
posterior probability distribution over all variables given the entered evidence. Note that the evi-
dence may have changed the probability distributions for the main diagnostic variable and for the
variable representing the subgoal under study. The process of selecting test variables continues
until the stopping criterion for the subgoal under study or that for the overall goal has been met,
or all tests for the subgoal have been performed. When the stopping criterion for the subgoal is
satisfied, or the set of test variables has been exhausted, the algorithm selects the next subgoal.
As soon as the overall stopping criterion is satisfied, the test-selection process is halted.

Algorithm A1 is strictly myopic in its test-selection strategy: test variables are selected se-
quentially on a one-by-one basis and the next test variable is selected only after the user has
entered evidence for the previous one. We have argued above that a myopic test-selection strat-
egy may not be realistic for many applications in medicine. We have also argued that a fully
non-myopic strategy may be infeasible for practical purposes. Our second algorithm now is non-
myopic in nature, yet uses a predefined clustering of the test variables. The clustering of the test
variables in the network is given as part of the input to the algorithm. The algorithm equals

Algorithm A2: non-myopic test selection with subgoals

input:
S: list of subgoalsSi

T : list of clustersCj of test variables, organised in sublistsT (Si) per subgoal

Stop-subgoal(Si)=false
Stop-overall=false
while S 6= ∅ andStop-overall6=truedo

select nextSi from S
removeSi from S
while T (Si) 6= ∅, Stop-subgoal(Si)6=trueandStop-overall6=truedo

compute most informative clusterCj ∈ T (Si)
prompt for evidence for allTk ∈ Cj and propagate
removeCj from T
computeStop-subgoal(Si)
computeStop-overall

od
od
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For the oesophageal cancer network, for example, we cluster the various different test variables
according to the physical test they pertain to. The test variables that model the results of a
gastroscopic examination with respect to the circumference, the length, the location, and the
shape of the primary tumour, and the absence or presence of necrosis in the oesophagus, for
instance, are included in a single cluster.

We would like to note that algorithmA2 is much more computationally demanding than algo-
rithm A1. The increase of computation time stems from the computation of the most informative
cluster of test variables. In Chapter 5 we argued that the expected decrease in the Gini index
after gathering evidence for a single test variable is established by computing the Gini index
given each possible result for the variable and then weighing these by the probabilities that the
respective results occur. More formally, the expected Gini indexG(Pr(D | Tj)) after gathering
evidence for the test variableTj is defined as the expected value of the Gini index where the
expectation is taken over all possible test resultstkj :

G(Pr(D | Tj)) =
∑

k=1,...,mj

G(Pr(D | Tj = tkj )) · Pr(Tj = tkj )

We now observe that in algorithmA2, we need to compute the expected Gini index with respect
to a clusterCj of test variables. To this end, the Gini indexG(Pr(D | Cj = c)) has to be
computed for each combination of valuesc = tk1

1 , . . . , tkn
n of the test variablesT1, . . . Tn ∈ Cj.

In addition, the joint probabilityPr(Cj = c) has to be established for each such combination.
The probability distributionPr(D | Cj = c) for a specific combination of valuesc can be
computed by a single propagation throughout the network. The computation of all distributions
Pr(D | Cj = c) now requires at most2n propagations forn binary test variables; note that using
the concept of d-separation, this number of propagations can often be reduced in practice. The
computation of each separate probabilityPr(Cj = c) already requiresn propagations, building
upon the chain rulePr(tk1

1 , . . . , tkn
n ) = Pr(tk1

1 | tk2, . . . , t
k
n) · . . . · Pr(t

kn−1

n−1 | tkn
n ) · Pr(tkn

n ). The
computation of the entire joint distributionPr(Cj) thus requires at mostn ·2n propagations. Note
that the computation of the expected Gini index with respect to clusters of test variables takes an
exponential number of propagations, while the computation of the expected index with respect to
all variables separately takes just a constant number of propagations. Further note that algorithm
A2 rapidly becomes infeasible for practical purposes as the number of test variables per cluster
increases.

Algorithm A2 in essence is non-myopic in its test-selection strategy. As we argued above,
this non-myopic algorithm might become computationally too demanding, especially if a mean-
ingful clustering of test variables results in clusters of relatively large size. A blood test, for
instance, may easily yield results for tens of variables in a network. To save computation time
yet retain some of the idea of non-myopia, we designed an algorithm that implies asemi-myopic
test-selection strategy. This semi-myopic algorithm equals

Algorithm A3: semi-myopic test selection with subgoals

input:
S: list of subgoalsSi
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T : list of clustersCj of test variables, organised in sublistsT (Si) per subgoal

Stop-subgoal(Si)=false
Stop-overall=false
while S6= ∅ andStop-overall6=truedo

selectSi from S
removeSi from S
while T (Si) 6= ∅, Stop-subgoal(Si) 6= true and Stop-overall6= true do

compute most informativeTj ∈ T (Si)
prompt for evidence forTj and for allTk ∈ Cm with Cm such thatTj ∈ Cm,
and propagate
removeCm from T
computeStop-subgoal(Si)
computeStop-overall

od
od

The algorithm very much resembles the myopic algorithmA1 presented above. The main dif-
ference is that algorithmA3 prompts not just for the result of the selected test variableTj, but
for the results of all test variablesTk that belong to the same cluster as the selected variable.
As an example, we consider again the domain of oesophageal cancer. Suppose that from the
network the test variableCT-liver is selected as the most informative variable in some step of the
test-selection process. The user now is prompted by the algorithm for the value of this variable.
The user is also prompted for a value for the variableCT-truncus, since this test variable models
a result that is obtained from the same physical test as the variableCT-liver. Entering evidence
for physical tests rather than for just one test variable seems to fit in more closely with the daily
practice of the physicians, since in daily practice they are inclined to think in terms of physical
tests even though they may be interested mainly in the value of a single variable. After perform-
ing the test, therefore, it seems logical to enter not only the result that is currently of interest, but
all other results obtained from the same physical test as well.

From the results of our test-selection experiments described in Chapter 5, we observed that
the test-selection sequences do not differ that much among the patient records for which we ran
the experiment. This appears to imply that specific test variables are highly informative for many
patients, while other variables provide less valuable information. For instance, the CT-scan of the
patient’s liver was indicated as the first most informative test result for a large number of patients.
Since some test variables are highly informative, the physical test they pertain to is likely to be
quite informative as well. We thus do not expect large differences in the test-selection sequences
resulting from the three different algorithms. Note that the three algorithms may in general
behave rather differently.
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7.2 Stopping criteria

In the previous section, we presented three algorithms for test selection that have been designed
to be better tailored to medical practice than the basic myopic test-selection facility commonly
in use. The new algorithms include a stopping criterion to prevent overtesting. Since the algo-
rithms aim at test selection with regard to a sequence of subgoals, in addition to an overall goal,
we now have to design our criterion to apply to different goals. We recall from Chapter 3 that
the most commonly used stopping criterion builds upon the probability of the most likely value
of the main diagnostic variable. We propose to apply this criterion to the various subgoals dis-
tinguished. We further observe that, since we use the expected decrease of the value of the Gini
index over a specific goal variable as the basis for test selection, this expected decrease can be
taken into consideration for a stopping criterion as well. We now propose four different criteria.

Criterion 1
The first stopping criterion examines whether or not there exists a value of the goal variable
under study, that has a probability equal to or greater than a prespecified probability threshold.
The basic idea of this stopping criterion is that, if a specific value of the goal variable has a
probability greater than, for example,0.90, then the attending physician will be confident enough
to act as if this value were the underlying truth. More formally, we consider a goal variableD
with valuesdj, j = 1, . . . , m, and a threshold value0 < α < 1. The selection of further tests
now is halted as soon as

∃p ∈ {Pr(D = dj) | j = 1, . . . , m} : p ≥ α

wherePr denotes the probability distribution over the goal variable given all previously entered
results. Note that the distribution over the goal variable is examined prior to considering ordering
another test. The possible influences that the result of a subsequent test can have on the distri-
bution, therefore are not taken into account. The larger the value ofα chosen, the longer the
resulting test-selection facility will continue to select tests. Note that if all tests in a domain of
application have low sensitivities and specificities, as described in Chapter 4, it is not very likely
that a sequence of test results will give rise to a high probability of the most likely value. The
lower the sensitivities and specificities, therefore, the lower the value ofα should be in order to
prevent overtesting. From a computational point of view, we would like to note that the criterion
does not require any additional propagations, since the distributionPr to be examined is avail-
able after the last evidence has been propagated.

Criterion 2
Our second stopping criterion, like the first one, also considers the probability distribution over
the goal variable. While the first stopping criterion focused on the most likely value of this
variable, however, the second criterion reviews the entire probability distribution over all values.
The criterion thereby takes the skewedness of the distribution into consideration. As an example,
we consider a goal variableD with m possible values, wheredj is the most likely one. The
remaining probability mass can for example be distributed evenly over the remainingm − 1
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values forD or it can be focused on a single valuedi, i 6= j. Taking the entire distribution
into consideration, we may wish to continue testing in the latter case and to abstain from further
tests in the former case. Multiple measures have been designed that serve to review a complete
probability distribution, among which is the Gini index. Since we already use the Gini index
in our test-selection algorithms for measuring uncertainty, we decided to use this measure for
measuring the skewedness of the distribution as well. More formally, for a prespecified threshold
valueβ, the selection of further tests is halted as soon as

G(Pr(D)) ≤ β

wherePr again denotes the probability distribution over the goal variable given all previously
entered test results. Note that the choice of a value forβ depends on the number of values of
the goal variableD. For instance, ifD is a binary variable,β has to be chosen from between0
and0.5, which are the minimum and maximum value, respectively, ofG(Pr(D)). The smaller
the value ofβ chosen, the longer the resulting test-selection facility may continue to select tests.
From a computational point of view, we would like to note that the criterion does not require any
additional propagations, since the probability distributionPr to be examined is available after
the last evidence has been propagated. Furthermore, the Gini index of this distribution is also
already available since it has been computed when establishing the expected value of the Gini
index given the test variable at hand.

Criterion 3
Our third stopping criterion, unlike the first two criteria, does not review the current probability
distribution over the goal variable. The criterion is based upon aone-step look-aheadand con-
siders the change that can be occasioned in the Gini index of the current distribution if we were
to establish the value of one more test variable. As long as considerable changes are expected,
the selection of test variables is continued. More formally, the criterion considers the expected
decreasẽG(Ti) in the Gini index of the current distribution over the goal variable for each re-
maining test variable and examines whether or not this expected decrease for all test variablesTi

is smaller than a prespecified threshold valueδ. The selection of further tests then is halted as
soon as

G̃(Ti) ≤ δ

Note that the choice of a value forδ again depends on the number of values of the goal variable.
Furthermore, the smaller the value ofδ chosen, the longer the resulting test-selection facility may
continue to select tests. From a computational point of view, we would like to note that evaluat-
ing the criterion requires a constant number of propagations, since the expected decreases in the
Gini index after performing a single next test can be computed with a constant number of prop-
agations using Bayes’ rule as described above. Note that the now computed expected decreases
in the Gini index of the probability distribution over the goal variable can be used in the next
step of the test-selection process. Only in the step for which the stopping criterion indicates that
the selection of tests should halt, does the criterion incur a constant number of extra propagations.



96 Chapter 7. New algorithms for test selection in probabilistic networks

Criterion 4
Just like the third criterion, our fourth stopping criterion is based upon a one-step look-ahead.
While the third criterion focused on the expected decrease in the value of the Gini index after
performing a next test, our fourth criterion studies the decrease that canmaximallybe occasioned
by a next test result. We note that in computing the expected decrease, the separate decreases
from the different test results are weighted by the probabilities that these results will occur. It is
possible, therefore, that a single test result occasions a large decrease in diagnostic uncertainty
while the test variable itself is not expected to result in a substantial decrease. Our fourth stopping
criterion now considers the decrease in the value of the Gini index of the probability distribution
over the subgoalD that is occasioned by each resulttki of every test variableTi separately. Our
criterion examines whether or not all possible test resultstki of all test variablesTi will result in a
decrease in the value of the Gini index of the probability distribution overD that is smaller than
a prespecified threshold valueε. The selection of further tests is halted as soon as

∀g ∈ {G(Pr(D | Ti = tki )) | i = 1, . . . , n, k = 1, . . . , mi} : g ≤ ε

wherePr once again denotes the probability distribution over the goal variable given all pre-
viously entered test results in addition to the test resulttki andT1, . . . , Tn are the test variables
that pertain to the current subgoal. From a computational point of view, we would like to note
that the criterion again requires a constant number of propagations, since the expected decreases
in the Gini index after performing a single next test can be computed with a constant number
of propagations using Bayes’ rule as described above. Note that, again, the now computed ex-
pected decreases in the Gini index of the probability distribution over the goal variable can be
used in the next step of the test-selection process. Again, only in the step for which the stopping
criterion indicates that the selection of tests should halt, does the criterion incur a constant num-
ber of extra propagations. Note that the smaller the value ofε chosen, the longer the resulting
test-selection facility may continue to select tests. We further would like to note that if our last
stopping criterion is met, then our third criterion is met as well. The reverse property does not
hold, however.

To conclude, we observe that our third and fourth criterion employ a one-step look-ahead.
In essence, it is possible to construct a more involved stopping criterion by including ann-
step look-ahead,n > 1. It will be evident, however, that the largern, the harder it becomes
from a computational point of view to evaluate such a criterion. We argued above that a stopping
criterion with a one-step look-ahead requires a constant number of propagations to be performed.
We further argued that the probabilities that are computed upon evaluating the criterion, can be
re-used in the next step in the test-selection process. When using ann-step look-ahead, however,
the computed probabilities can no longer be re-used. Further note that the more steps the criterion
looks ahead, the more the resulting test-selection will start to resemble a full decision analysis.

7.3 Experiment

To evaluate and compare the performance of the three algorithms for test selection and the four
stopping criteria described above, we conducted an experimental study in the context of the oe-
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sophageal cancer network. Using this network we studied the behaviour of the four stopping
criteria and addressed the question whether a particular criterion would show a tendency to stop
too early in the test-selection process. We compared the sequences of test variables selected by
the different algorithms using the second stopping criterion. We briefly evaluated the overall
test-selection strategy implied by the myopic and semi-myopic algorithms with our two domain
experts. The semi-myopic test-selection algorithm proved to result in the most preferred se-
quence of test variables.

7.3.1 The extended network

In our experimental study we used an extended version of the original oesophageal cancer net-
work. We recall that the original network aims at establishing the stage of a patient’s cancer; we
further recall that the network contains 42 variables of which 25 variables serve to represent the
various different test results. We now observe that, while the network includes a main diagnostic
variable modelling the stage of a patient’s cancer, none of its 42 variables capture the subgoals
that we elicited during the interviews with our experts. Since our algorithms were designed
to perform the selection of test variables with respect to these goals, we decided to extend the
original oesophageal cancer network with a number of goal variables.

The newly included variables in essence model the five goals for test selection that are cap-
tured by the decision moments in the flowchart from Figure 6.5. The goal variableCondition
describes the physical condition of the patient and has the two possible valuesgoodandpoor.
The goal variableM1, with the valuesyesandno, models the presence or absence of distant
metastases. The variableResectable, with the valuesyesandno, provides information about the
resectability of the patient’s primary tumour. The variableContra-indic-surgerywith the val-
uesyesandno, summarises whether or not there are indications for the patient not to undergo
surgical removal of the oesophagus. The variableTherapy, to conclude, is the overall goal vari-
able that captures three different treatment categories:low-dose radiotherapy or endoprosthesis,
high-dose radiotherapy possibly with chemotherapy, andsurgery. In addition to the five goals
that we modelled explicitly, the test-selection process involves yet another goal variableGeneral
information for which we decided not to include an additional variable in our network. Since
an attending physician will always order a gastroscopic examination combined with a biopsy,
this goal was not included as a decision moment in the flowchart that captures the expert’s test-
selection strategy. Note that the goal basically serves to initiate the test-selection process and is
not used itself in any further decision. During our interviews, we elicited for each subgoal which
decision should be taken based upon the various different possible test results. The new goal
variables are now included in the oesophageal cancer network by adding arcs from the variables
that capture the underlying true conditions that influence the decisions. Note that by doing so,
the sensitivity and specificity of the results are taken into account. The probability tables for the
new variables only contain the values 0 and 1, thereby expressing that these variables themselves
do not involve any uncertainty.

To conclude, we added to the original oesophageal cancer network also the variablesSmok-
ing, WHO-status, andAgesince the values of these variables are needed for establishing a pa-
tient’s condition and to decide upon the presence or absence of contra-indications for surgery.
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The extended network is shown in Figure 7.1.

7.3.2 Information about test variables and goals

As described in Section 7.1, our new test-selection algorithms need extra information for their
input in addition to the probabilistic network under consideration. The extra information in
essence consists of three lists: a list of the subgoals for the test-selection process, a list that
describes for each subgoal which test variables provide information about that particular subgoal,
and a list for each physical test that describes which test variables serve to capture the results of
that test.

For the various different subgoals and the order in which they are to be examined, we build
in our experiment upon the sequence that was elicited from our domain experts and captured in
the flowchart of Figure 6.5. The first subgoal to be addressed is the implicitGeneral information
goal; the second goal is captured by the variableCondition. We assume that every patient has to
undergo a gastroscopy with a biopsy and has a consult with his physician. The diagnostic tests
that serve to provide information about these two goals should therefore always be ordered and
no selection of tests will take place. We will call such goals aneasy goal. After the physical con-
dition of the patient has been established, the next goal isM1, which is to determine the presence
or absence of metastases distant from the primary tumour. After this goal has been addressed,
the subgoal modelled by the variableResectabilityis the next one under study. The last subgoal
equals the presence or absence of contra indications for surgery. For the list of subgoalsS to
be provided as input to our test-selection algorithms, we thus have thatS = (General informa-
tion, Condition, M1, Resectability, Contra-indic-surgery). Note that the overall goal, captured by
the variableTherapy, is not included in the sequence and therefore is never addressed explicitly
in the test-selection process. We recall that this overall goal was included into the network to
provide for an overall stopping criterion.

In addition to the list of subgoals, our algorithms require for their input information about
which test variables pertain to which subgoals. From the interviews that we had with our experts
and the resulting flowchart, we readily determined the required information: Table 7.1 sum-
marises the relationship between the test variables on the one hand and the goals on the other
hand. From the table, we have that the age of the patient, his smoking habits and his WHO-status
directly provide information about the presence or absence of contra indications for surgery.
Further tests required for this purpose, which include blood samples and an ECG, unfortunately
have never been modelled in the original network; also, our data collection does not include any
results for these tests.

The third list to be provided as part of the input to our algorithms, pertains to the relationship
between test variables on the one hand and physical tests on the other hand. The 28 test variables
included in the extended oesophageal cancer network describe the results of 12 different physical
tests. These physical diagnostic tests are aninterview, abiopsy, abronchoscopy, aCT-scan of the
abdomen, a CT-scan of the thorax, anendosonography of the oesophagus, a sonographyof the
neck, agastroscopy, a laparoscopy, aphysical examination, abarium swallow, and anX-ray of
the patient’s chest. Table 7.2 matches the various test variables in the network to these physical
tests.



7.3. Experiment 99

en
do

pr
os

th
es

is
/r

ad
io

ra
di

o 
an

d/
or

 c
he

m
o

su
rg

er
y

T
he

ra
py

ye
s

noC
on

tr
a-

in
di

c-
su

rg
er

y
<

70
>

=
70

A
ge

po
or

go
od

C
on

di
tio

n

ye
s

no

S
m

ok
in

g

0-
1 2

3-
4

W
H

O
-s

ta
tu

s

ye
s

no

R
es

ec
ta

bl
e

ye
s

no

M
1ci

rc
ul

ar
no

n-
ci

rc
ul

ar
no

n-
de

te
rmG
as

tr
o-

ci
rc

um
f

so
lid

pu
re

e
liq

ui
d

no
ne

P
as

sa
ge

x<
5

5<
=

x<
10

10
<

=
x

Le
ng

th

x<
5

5<
=

x<
10

10
<

=
x

no
n-

de
te

rmG
as

tr
o-

le
ng

th

T
1

T
2

T
3

T
4

In
va

si
on

-w
al

l

po
ly

po
id

sc
irr

he
us

ul
ce

ra
tin

g

S
ha

pe

po
ly

po
id

sc
irr

he
us

ul
ce

ra
tin

gG
as

tr
o-

sh
ap

e

ye
s

no

N
ec

ro
si

s

ye
s

no
no

n-
de

te
rmG
as

tr
o-

ne
cr

os
is

ye
s

no

F
is

tu
la

no
ne

tr
ac

he
a

m
ed

ia
st

in
um

di
ap

hr
ag

m
he

ar
t

In
va

si
on

-o
rg

an
s

pr
ox

im
al

m
id

di
st

al

Lo
ca

tio
n

pr
ox

im
al

m
id

di
st

alG
as

tr
o-

lo
ca

tio
n

ye
s

no

M
et

as
-t

ru
nc

us

N
0

N
1

M
1

Ly
m

ph
-m

et
as

I
IIA IIB III

IV
A

IV
B

S
ta

ge
ye

s
no

H
ae

m
a-

m
et

as

ye
s

no

M
et

as
-li

ve
r

ye
s

no

La
pa

-li
ve

r

ye
s

no

C
T

-li
ve

r

ye
s

no

M
et

as
-lu

ng
s

ye
s

no

X
-lu

ng
s

ye
s

no

C
T

-lu
ng

s

ye
s

no

M
et

as
-lo

co

ye
s

no
no

n-
de

te
rmE
nd

os
on

o-
lo

co

ye
s

no

C
T

-lo
co

ye
s

no

M
et

as
-c

er
vi

x

ye
s

no

P
hy

si
ca

l-e
xa

m

ye
s

no

S
on

o-
ce

rv
ix

ye
s

no
no

n-
de

te
rm

E
nd

os
on

o-
tr

un
cu

s

ye
s

no

C
T

-t
ru

nc
us

ye
s

no

La
pa

-t
ru

nc
us

ad
en

o
sq

ua
m

ou
s

un
di

ffe
re

nt
ia

te
d

T
yp

e

ad
en

o
sq

ua
m

ou
s

un
di

ffe
re

nt
ia

te
dB

io
ps

y

ye
s

no

La
pa

-d
ia

ph
ra

gm

no
ne

tr
ac

he
a

m
ed

ia
st

in
um

di
ap

hr
ag

m
he

ar
tC

T
-o

rg
an

s

ye
s

no

B
ro

nc
ho

sc
op

y

ye
s

no
no

n-
de

te
rm

E
nd

os
on

o-
m

ed
ia

st

ye
s

no
no

n-
de

te
rm

X
-f

is
tu

la

T
1

T
2

T
3

T
4

no
n-

de
te

rmE
nd

os
on

o-
w

al
l

ci
rc

ul
ar

no
n-

ci
rc

ul
ar

C
irc

um
f

no
ne

x<
10

%
x>

=
10

%

W
ei

gh
tlo

ss

Figure 7.1: The extended oesophageal cancer network.
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Table 7.1: An overview of the test variables in the extended oesophageal cancer network and the
subgoal(s) they pertain to.

variable goal
Age Condition, Contra-indic-surgery
Barium swallow Therapy
Biopsy General information
Bronchoscopy Resectability
CT-liver M1
CT-loco M1
CT-lungs M1
CT-organs Resectability
CT-truncus coeliacus M1
Endo-sonography loco M1
Endo-sonography mediastinum Resectability
Endo-sonography truncus coeliacusM1
Endo-sonography oesophageal wallResectability
Gastroscopy circumference General information
Gastroscopy length General information
Gastroscopy location General information
Gastroscopy necrosis General information
Gastroscopy shape General information
Laparoscopy liver M1
Laparoscopy diaphragm Resectability
Laparoscopy truncus coeliacus M1
Passage General information
Physical examination neck M1
Smoking Condition, Contra-indic-surgery
Sonography neck M1
Weightloss Condition
WHO status Condition, Contra-indic-surgery
X-ray lungs M1
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Table 7.2: An overview of the test variables in the extended oesophageal cancer network and the
physical test they pertain to.

variable diagnostic test
Age Interview
Barium swallow Barium swallow
Biopsy Biopsy
Bronchoscopy Bronchoscopy
CT-liver CT-abdomen
CT-loco CT-thorax
CT-lungs CT-thorax
CT-organs CT-thorax
CT-truncus coeliacus CT-abdomen
Endo-sonography loco Endosonography
Endo-sonography mediastinum Endosonography
Endo-sonography truncus coeliacusEndosonography
Endo-sonography oesophageal wallEndosonography
Gastroscopy circumference Gastroscopy
Gastroscopy length Gastroscopy
Gastroscopy location Gastroscopy
Gastroscopy necrosis Gastroscopy
Gastroscopy shape Gastroscopy
Laparoscopy liver Laparoscopy
Laparoscopy diaphragm Laparoscopy
Laparoscopy truncus coeliacus Laparoscopy
Passage Interview
Physical examination neck Physical examination
Smoking Interview
Sonography neck Sonography
Weightloss Interview
WHO status Interview
X-ray lungs X-ray
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7.3.3 The stopping criteria evaluated

We implemented the four stopping criteria discussed in Section 7.2 and studied their performance
with algorithmA1 for myopic test selection with subgoals. We decided to study the criteria
in relation with algorithmA1 since this algorithm allows for studying a larger variety of test-
selection steps than the algorithmsA2 andA3. We recall that algorithmA1 considers each test
variable separately, while the other two algorithms prompt the user for the results of physical
tests and, hence, for a number of test variables at a time. Since our network contains just 12
physical tests, 9 of which are involved in the actual test selection process, using one of the other
algorithms would not allow for studying the behaviour of the different criteria in detail. Note, in
contrast, that our network includes 28 test variables, 18 of which are involved in the test selection
process. In our experiment, we further focused on the subgoal captured by the variableM1. We
decided to focus on the subgoalM1 since, from among the various subgoals, the largest number
of test variables provide information about this goal. We thus could focus on a sufficiently large
set of test variables to examine the behaviour of the criteria. Before the selection of tests is
initiated for the subgoalM1, we entered, for each patient, the results of the tests pertaining to
the two easy goals,General informationandCondition. We ran the experiments with the eight
patient cases that we had designed for the second interview with our domain experts as described
in Chapter 6. Since these cases had been designed to lie at the decision boundaries of our experts’
test-selection strategy, we expect the various different stopping criteria to behave representatively
with respect to the data set of real patients. Note that we started the evaluation of the stopping
criteria with respect to the subgoalM1. Patients who are in a poor physical condition therefore
still receive the basic package of tests.

For the first patient, the following test results are available that provide information about the
first two easy subgoals:

• Age≥ 70 years

• Biopsy = squamous

• Gastro-circumf = non-circular

• Gastro-length≥ 10 cm

• Gastro-location = mid

• Gastro-necrosis = no

• Gastro-shape = scirrheus

• Passage = solid

• WHO-status =2

• Weightloss≥ 10%
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From these results, we have that the condition of the patient is poor. The experts’ strategy now
indicates that the test-selection process should halt. However, we now assume the patient’s
condition to be good and continue the test-selection process with the subgoalM1. The first test
variable that is selected by our algorithm with respect to this goal, is the variableCT-liver. The
result for this test variable isno and this value is entered into the network. The result indicates
that, upon performing the CT-scan, no metastases have been found in the patient’s liver. The test-
selection algorithm should not decide to abstain from further testing, however, since not all sites
distant from the primary tumour have yet been examined. The second test variable selected by
our algorithm is the variableLapa-truncuswhich also has for its result the valueno. Again, the
test-selection algorithm should decide to continue: metastases could, for example, still be located
in the patient’s lungs which have not been examined as yet. The third selected test variable is the
variableX-lungs. The result of the X-ray of the patient’s lungs isyes, indicating that metastases
are present in the patient’s lungs. Since evidence of metastases distant from the primary tumour
has been found, the test-selection process may now be halted. Since the sensitivity and specificity
of the X-ray are not very high, we feel that performing an additional CT-scan of the lungs would
be acceptable, however. The entire sequence of test variables that would be selected for the
subgoalM1 if no stopping criterion would be employed is

• CT-liver = no

• Lapa-truncus = no

• X-lungs = yes

• CT-lungs = yes

• Lapa-liver = no

• CT-truncus = no

• Endo-sono-loco = no

• CT-loco = yes

• Sono-cervix = yes

• Physical-exam = no

• Endo-sono-truncus = no

From the above analysis, we conclude that, for the first patient, the test-selection process should
stop after the result of the third, or maybe fourth, test variable has been entered and propagated
throughout the network. Similar analyses were made of the sequences of diagnostic tests selected
for the other patients. We found that, for the patients 3, 4, 5 and 7, the test-selection process
should not stop at all; for patient 2, the selection of tests can stop after the result for the eighth
variable has been entered; for patient 6 the test-selection process can be halted after the third test
has been entered and propagated throughout the network and for patient 8 after the result for the
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Table 7.3: Criterion 1: the interval for which the stopping criterion was met for the patients 1, 2,
3 and 4.

α matched interval matched interval matched interval matched interval
patient 1 patient 2 patient 3 patient 4

0.975 [. . . ] [. . . ] [. . . ] [. . . ]
0.95 [5 . . . 11] [. . . ] [. . . ] [. . . ]
0.925 [5 . . . 11] [. . . ] [. . . ] [. . . ]
0.9 [5 . . . 11] [. . . ] [. . . ] [4 . . . 6]

0.875 [5 . . . 11] [. . . ] 3,4, 10 [3. . . 11]
0.85 [5 . . . 11] [. . . ] 3,4 [6 . . . 11] [3 . . . 11]
0.825 3, [5 . . . 11] [5 . . . 7] [3 . . . 11] [3 . . . 11]

Table 7.4: Criterion 1: the interval for which the stopping criterion was met for the patients 5, 6,
7 and 8

α matched interval matched interval matched interval matched interval
patient 5 patient 6 patient 7 patient 8

0.975 [. . . ] [5 . . . 11] [. . . ] [5 . . . 11]
0.95 [. . . ] [4 . . . 11] [. . . ] [4 . . . 11]
0.925 [. . . ] [4 . . . 11] 7 [4 . . . 11]
0.9 [. . . ] [4 . . . 11] 6,7 [4 . . . 11]

0.875 [. . . ] [4 . . . 11] [4 . . . 7] [4 . . . 11]
0.85 5,6,9 [4. . . 11] [3 . . . 9] [4 . . . 11]
0.825 [3 . . . 11] [4 . . . 11] [3 . . . 11] [4 . . . 11]

second test variable has been entered. Note that, although the flowchart indicates for patients
1 and 7 that no further testing is required because of their physical condition, we decided to
nevertheless perform test selection with respect to the subgoalM1, to allow for studying the
behaviour of the various stopping criteria for a wide range of patient profiles. We would further
like to note that in the medical domain, stopping too early is considered worse than stopping
too late. When the process of gathering evidence is halted too early, incorrect conclusions can
be made. For the first patient discussed above, for example, if the test-selection process would
be halted after a value for the second variable had been entered, the erroneous conclusion that
the patient does not have any distant metastases, would be drawn. From the point of view of
diagnostic information, stopping too late is not an important issue. Performing too many tests
nonetheless has consequences for the discomfort of the patient and the amount of money spent
for example.

Tables 7.3-10 report the results obtained with the four stopping criteria employing different
threshold values, for the eight patients under study. As an example, we consider the first column
of Table 7.3, which summarises the intervals for which the first stopping criterion was satisfied
for the first patient, in closer detail. Withα = 0.975, stopping criterion 1 was never met for our
patient, which is represented in the table as[. . .]. With α = 0.975 therefore, the test-selection
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Table 7.5: Criterion 2: the interval for which the stopping criterion was met for the patients 1, 2,
3 and 4.

β matched interval matched interval matched interval matched interval
patient 1 patient 2 patient 3 patient 4

0.05 [. . . ] [. . . ] [. . . ] [. . . ]
0.075 [5 . . . 11] [. . . ] [. . . ] [. . . ]
0.1 [5 . . . 11] [. . . ] [. . . ] [. . . ]

0.125 [5 . . . 11] [. . . ] [. . . ] [. . . ]
0.15 [5 . . . 11] [. . . ] [. . . ] [. . . ]
0.175 [5 . . . 11] [. . . ] [. . . ] [4 . . . 6]
0.2 [5 . . . 11] [. . . ] 4,10 [3. . . 6]

Table 7.6: Criterion 2: the interval for which the stopping criterion was met for the patients 5, 6,
7 and 8.

β matched interval matched interval matched interval matched interval
patient 5 patient 6 patient 7 patient 8

0.05 [. . . ] [5 . . . 11] [. . . ] [5 . . . 11]
0.075 [. . . ] [5 . . . 11] [. . . ] [4 . . . 11]
0.1 [. . . ] [4 . . . 11] [. . . ] [4 . . . 11]

0.125 [. . . ] [4 . . . 11] [. . . ] [4 . . . 11]
0.15 [. . . ] [4 . . . 11] 6,7 [4 . . . 11]
0.175 [. . . ] [4 . . . 11] 6,7 [4 . . . 11]
0.2 [. . . ] [4 . . . 11] [4 . . . 7] [4 . . . 11]

Table 7.7: Criterion 3: the interval for which the stopping criterion was met for the patients 1, 2,
3 and 4.

δ matched interval matched interval matched interval matched interval
patient 1 patient 2 patient 3 patient 4

0.01 [5 . . . 11] [4 . . . 11] 4, [6 . . . 11] [4 . . . 11]
0.02 3, [5 . . . 11] [4 . . . 11] [3 . . . 11] [3 . . . 11]
0.03 3, [5 . . . 11] [3 . . . 11] [3 . . . 11] [3 . . . 11]
0.04 3, [5 . . . 11] [3 . . . 11] [3 . . . 11] [3 . . . 11]
0.05 3, [5 . . . 11] [3 . . . 11] [3 . . . 11] [3 . . . 11]
0.06 3, [5 . . . 11] [3 . . . 11] [3 . . . 11] [3 . . . 11]
0.07 2,3, [5. . . 11] [3 . . . 11] [2 . . . 11] [2 . . . 11]
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Table 7.8: Criterion 3: the interval for which the stopping criterion was met for the patients 5, 6,
7 and 8.

δ matched interval matched interval matched interval matched interval
patient 5 patient 6 patient 7 patient 8

0.01 [4 . . . 11] [4 . . . 11] [4 . . . 11] [4 . . . 11]
0.02 [4 . . . 11] [4 . . . 11] [3 . . . 11] [4 . . . 11]
0.03 [3 . . . 11] [4 . . . 11] [3 . . . 11] [4 . . . 11]
0.04 [3 . . . 11] [4 . . . 11] [3 . . . 11] [4 . . . 11]
0.05 [3 . . . 11] [4 . . . 11] [3 . . . 11] [3 . . . 11]
0.06 [3 . . . 11] [4 . . . 11] [3 . . . 11] [3 . . . 11]
0.07 [3 . . . 11] [3 . . . 11] [2 . . . 11] [3 . . . 11]

Table 7.9: Criterion 4: the interval for which the stopping criterion was met for the patients 1, 2,
3 and 4.

ε matched interval matched interval matched interval matched interval
patient 1 patient 2 patient 3 patient 4

0.01 7,8,11 11 11 [. . . ]
0.02 [7 . . . 11] 11 11 10
0.03 [6 . . . 11] 11 [9 . . . 11] 10,11
0.04 [6 . . . 11] 11 [9 . . . 11] 10,11
0.05 [5 . . . 11] 7,10,11 [9. . . 11] 10,11
0.06 [5 . . . 11] 7,10,11 [9. . . 11] 10,11
0.07 [5 . . . 11] 7,10,11 [9. . . 11] 10,11

Table 7.10: Criterion 4: the interval for which the stopping criterion was met for the patients 5,
6, 7 and 8.

ε matched interval matched interval matched interval matched interval
patient 5 patient 6 patient 7 patient 8

0.01 [9 . . . 11] [5 . . . 11] [. . . ] [5 . . . 11]
0.02 [9 . . . 11] [5 . . . 11] 11 [5 . . . 11]
0.03 [9 . . . 11] [5 . . . 11] 11 [5 . . . 11]
0.04 6, [9 . . . 11] [5 . . . 11] 9,11 [5. . . 11]
0.05 6, [9 . . . 11] [5 . . . 11] 9,11 [5. . . 11]
0.06 6, [9 . . . 11] [5 . . . 11] 9,11 [5. . . 11]
0.07 6, [9 . . . 11] [5 . . . 11] [9 . . . 11] [4 . . . 11]
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process would not halt and our patient would have to undergo the entire sequence of diagnostic
tests for the goalM1. For α = 0.9, the interval[5 . . . 11] reported in the table indicates that
the stopping criterion was met in all test-selection steps after a result for the fourth test variable
had been entered. Withα = 0.9, therefore, our patient would only receive the first four tests,
after which testing is stopped. Withα = 0.825, we observe that the stopping criterion was met
before the third test variable was selected. With this threshold value, therefore, the test-selection
process would have halted after just the first two tests had been performed. If the result for
the third variable would have been entered, the stopping criterion would no longer have been
met. Then, after the result for the fourth variable would have been entered, the criterion would
again have been met. The results forα = 0.825 are summarised in the table as3, [5 . . . 11]. As
we noted before, if the test-selection process would have been halted after the second test had
been performed, the system would have concluded that no distant metastases were present; this
conclusion would have been premature and, in fact, incorrect.

Tables 7.3 and 7.4 report the results obtained with the stopping criterion that builds upon the
probability of the most likely value of the goal variable. We observe that, withα = 0.975, the
test-selection process is always stopped too late or not at all. Note that for even larger values
for α, this trend of stopping too late would continue. Withα ≤ 0.825, the stopping criterion is
almost always satisfied too early. Note that for even smaller values forα this trend of stopping
too early will continue. Withα = 0.925, for example, the test-selection process was halted
too late for two patients (25%). For one patient (13%), the process halted too early. For the
remaining 5 patients (63%), the selection of tests stopped when we would expect it to stop based
upon our knowledge of the domain. Withα = 0.95 the test-selection process was halted too late
for two patients (25%), for the remaining 6 patients (75%), the selection of tests stopped when
we would expect it to stop.

Tables 7.5 and 7.6 report the results obtained with the stopping criterion that builds upon the
Gini index. We observe that, withβ = 0.05, the algorithm always stopped too late or not at
all. Note that for even smaller values forβ this trend of stopping too late would continue. With
β = 0.2, the stopping criterion is mostly satisfied too early or in the step in the process in which
we would expect it to be satisfied: for only one patient, the selection of tests was halted too
late. Note that for even larger values forβ this trend of stopping too late would continue. With
β = 0.15, the stopping criterion was met too early for just one patient (13%). For two patients
(25%), the process stopped too late. For the remaining 5 patients (63%), the stopping criterion
was met when we would wish it to be satisfied. Withβ = 0.125, the stopping criterion was met
too late for two patients (25%). For the remaining 6 patients (75%), the stopping criterion was
met when we would wish it to be satisfied based upon our knowledge of the domain.

We now focus on the third criterion, which is based upon the expected decrease in the value
of the Gini index. Tables 7.7 and 7.8 report the results obtained with this criterion. Even with
the small threshold value ofδ = 0.01, the test-selection process halted too early for five patients
(63%). For one patient (13%), the criterion was met too late. For the remaining two patients
(25%), the test-selection process halted when we would wish it to halt. Withδ = 0.04, for
example, the test-selection process halted too early for six patients (75%), thereby demonstrating
that for larger values ofδ, the trend of stopping too early continues. For one patient (13%), the
criterion was met too late; for one patient (13%), the test-selection process halted when we would
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wish it to halt.

Tables 7.9 and 7.10, to conclude, report the results obtained with the stopping criterion that
builds upon the Gini index of all possible values of each test variable. We observe that with
ε = 0.01, the test-selection process halted too early for two patients (25%). For four patients
(50%), the criterion was met too late. For the remaining two patients (25%), the test-selection
process halted when we would wish it to halt. Withε = 0.04, the test-selection process halted
too early for four patients (50%). For four patients (50%), the criterion was met too late.

From our experimental results, we observe that both stopping criterion 1 and stopping cri-
terion 2 perform well within our test-selection algorithm. Both criteria showed that the larger
the threshold value forα and the smaller the threshold value forβ, respectively, the less likely it
becomes that the test-selection process will be halted too soon. Performing too few tests could
thus easily be prevented. Overtesting, on the other hand, can also be prevented by selecting spe-
cific values forα andβ, respectively. Choosing appropriate values forα andβ now amounts to
carefully weighing the effects of stopping too early and stopping too late. We observe that for
both criteria we were able to extract reasonably good values for the thresholds from our experi-
mental results. We recall that the first stopping criterion is based solely upon the probability of
the most likely value of the goal variable under study. As we argued before, if two values are
very likely and the remaining probability mass is spread over all other values, we would prefer
to continue testing. On the other hand, if one value is very likely and the remaining probabil-
ity mass is spread evenly over all other values, we would prefer to stop testing. Since the first
stopping criterion is not able to distinguish between these two situations, we would expect it
to perform worse than the second criterion which takes the spread of the probability mass into
account. Although our experimental results do not support this expectation and show that both
stopping criteria perform well, we conclude that more in general, stopping criterion 2 is the more
preferred criterion among these two criteria.

From our experimental results, we further conclude that the third and fourth stopping criteria,
which build upon the expected value of the Gini index after performing the next test, in practice
did not meet our expectations in the sense that even for very small threshold values, they often
gave rise to stopping too early. Our findings can be explained from the following observations.
We would like the test-selection process to stop when the diagnostic uncertainty has been de-
creased to a small value and we would expect that no test, or test result alternatively, can induce
a rather large change in the value of the Gini index. For the third and fourth stopping criterion,
this would imply that we have to choose small values forδ andε. If we take a close look at the
function of the Gini index as plotted in Figure 5.1(b), we observe that, when the diagnostic un-
certainty is the largest, shifts in the probability distribution may result in very small shifts in the
value of the Gini index. With small values forδ andε, therefore, the test-selection facility will
tend to halt the process of gathering information also for relatively uniform distributions. This
explains why the third and fourth stopping criterion are likely to result in stopping the selection
of tests too early. Stopping criteria 3 and 4 as a consequence are not to be preferred.

We conclude this section by introducing a slightly more involved stopping criterion that we
will use for our experiments with the three algorithms. Our main motivation for introducing a
more involved criterion is our previous observation that stopping too early is considered worse
than stopping too late. The basic idea of the more involved criterion now is that our stopping cri-
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terion 2 is extended with an additional provision to forestall stopping too early. As we explained
above, we prefer to use the value of the Gini index of the probability distribution over the goal
variable as the basis for our stopping criterion. Now, if the criterion is met, indicating that there
is not much uncertainty left with regard to the most likely value, then it may very well be that a
test result exists, for a not yet performed test, that serves to again increase the diagnostic uncer-
tainty. If this result would become available, then the stopping criterion would no longer be met
in the next step of the test-selection process. This situation occurs in our experiments for patient
3, for example, withβ = 0.20. After the first three test results were entered for this patient,
the stopping criterion was met and the test-selection process was halted. Note that it was halted
too early. If the fourth result would have been entered, however, the criterion would no longer
have been met, thereby indicating that the test-selection process would have to be continued. To
forestall stopping too early in situations like these, we propose to extend our stopping criterion 2
with a limited look-ahead.

Our new stopping criterion can be looked upon as a combination of the basic criteria 2 and 4.
With the new criterion, the test-selection algorithm first employs the basic stopping criterion 2 to
decide whether it should simply continue selecting tests or not. Now suppose that after the result
for a test variable has been entered and propagated, the value of the Gini index over the subgoal
is smaller than or equal to the prespecified threshold valueβ. Instead of halting the test-selection
process immediately, the algorithm now employs a limited look-ahead to decide whether or not
the next most informative test should still be ordered. This look-ahead amounts to examining
whether or not a next test result could induce a shift in the value of the Gini index to such an
extent that it no longer falls below the threshold valueβ. Note that this look-ahead basically
amounts to employing our basic criterion 4. Only if the look-ahead supports the decision to stop
gathering further information, is the test-selection process actually halted. If the basic criterion
2 is satisfied and the look-ahead indicates that the test-selection process cannot be halted yet,
the algorithm continues its selection of tests. Experiments showed for patient 4, for instance,
that the test-selection process originally halted withβ = 0.175 after the result of the third test
had been entered and propagated. Using our more involved stopping criterion, we observed that
the test-selection process did not halt at all, as wished for. For patient 7, for example, our more
involved stopping criterion withβ = 0.175 resulted in the selection of all available test variables,
as wished for. We would like to note that our more involved stopping criterion, due to the use of
two different criteria, thus is capable of bridging more than one step. Note that the look-ahead
is used only when criterion 2 is already satisfied. It is used, therefore, only if the Gini index is
already rather small. The problems with criterion 4 that we elaborated upon above now do not
occur. To summarise, the value of theStop-subgoalvariable mentioned in our algorithms, is thus
computed with the following function:

Function: stopping criterion

input:
Si: current subgoal
T (Si): list of test variablesTj for subgoalSi.

Stop-subgoal(Si) = false
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computeG(Pr(D))
if G(Pr(D)) ≤ β

while T 6= ∅ andStop-overall6=truedo
selectTj ∈ T (Si)
for all test resultstkj of Tj do

computeG(Pr(D | Tj = tkj )), k = 1, . . . mj

od
if for all g ∈ {G(Pr(D | Tj = tkj )) | k = 1, . . . , mj} : g ≤ β

Stop-subgoal(Si) =true
od

od
returnStop-subgoal(Si)

We would like to note that for every subgoalSi, in essence a different value forβ can be selected,
that is dependent upon the consequences of taking an incorrect decision with respect to that
particular subgoal. In our experiments, however, we will use the same threshold valueβ for all
subgoals.

7.3.4 The test-selection algorithms evaluated

We implemented the three test-selection algorithms described in Section 7.1 with the combined
stopping criterion introduced above. Once again, we ran experiments for the eight patient cases
that we had designed for our interviews with the experts. We were interested in whether or not the
various algorithms would result in sequences of test variables that fit the test-selection strategy
employed by our experts; we were aware, however, that in our experiments we did not yet take
the costs involved into consideration and as a consequence we did not expect a perfect match. In
addition, we were interested in whether or not the combined stopping criterion would indicate,
with all algorithms, to stop testing at the exact step in the test-selection process the experts would
want it to stop.

We recall that algorithmA1 is fully myopic in nature, selecting the diagnostic tests to be
performed based upon the informative values of the separate variables: the expected value of the
Gini index of the probability distribution over the subgoal after performing a diagnostic test is
computed for single test variables. After selecting the most informative test variable, the user is
prompted only for the result of this variable. AlgorithmA3 also performs the selection of tests at
the level of the separate variables. After selecting the most informative test variable, however, the
user is prompted not only for the result of this variable, but for the results ofall test variables for
which a result is obtained from the same physical test as for the most informative test variable.
In contrast with the algorithmsA1 andA3, algorithmA2 selects diagnostic tests at the level of
physical tests: the expected value of the Gini index of the posterior probability distribution over
the subgoal is computed given all possible combinations of results for the various different test
variables that are clustered with respect to a single physical test. We would like to note that not
all test variables for which a physical test will yield a result, pertain to the same subgoal. For
computing the expected value of the Gini index after performing the test, we decided to take only
those test variables into account that pertain to the subgoal under study. Upon prompting the user
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for the test’s results, however, the algorithm requests the results forall variables concerned, also
for those that belong to a different subgoal, since the test has now been performed and its results
are available.

For all eight patient cases, we ran the three different algorithms. We used the combined stop-
ping criterion from the previous section, which is based upon the Gini index of the probability
distribution over the subgoal and employs a limited one-step look-ahead; for this threshold value,
we usedβ = 0.125. We would like to note that we employed the same stopping criterion with
the same threshold value for all subgoals, including the implicit overall goal. Further note that
we excluded the laparoscopic examination from our experiments, even though it serves to pro-
vide information about the subgoalsM1 andResectability. We recall that prior to performing a
laparoscopic examination, the physicians have to decide upon the absence or presence of contra-
indications for surgery. Since we do not have any information about such contra-indications in
the oesophageal cancer network, the results of our experiment would be negatively influenced if
we were to consider the laparoscopy without taking the contra-indications into consideration.

We now discuss the results obtained for patient 2. For the patient under study, the following
test results from the starting package of tests were available:

• Age< 70 years

• Biopsy = squamous

• Gastro-circumference = circular

• Gastro-length≥ 10 cm

• Gastro-location = distal

• Gastro-necrosis = yes

• Gastro-shape = polypoid

• Passage = liquid

• WHO-status = 2

• Weightloss< 10%

After these results were entered and propagated throughout the network, the Gini index of the
probability distribution over the overall goal,Therapy, equalled0.56. The stopping criterion
therefore was not met for the overall goal and the next subgoalM1 was selected by all three
algorithms. We will now discuss the sequences of diagnostic tests or test variables selected by
the separate algorithms. AlgorithmA1 selected the variableCT-liver as the most informative test
variable with regard to the subgoal under study. The user was prompted for its results. The value
CT-liver=nowas entered and was subsequently propagated to establish the posterior distribution
for the subgoalM1 given the new information. The Gini index of this new distribution equalled
0.43. The stopping criterion was thus not met yet for subgoalM1; the same observation held
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with respect to the overall goal. The algorithm therefore proceeded with selecting the most in-
formative test variable in view of the current distribution over the subgoalM1. The now selected
test variable wasCT-truncus. The resultCT-truncus=nowas entered into the network and prop-
agated. The Gini index of the updated distribution overM1 now equalled0.36. The stopping
criterion was again not satisfied for the subgoal under study; the same held for the overall goal.
The next test variable selected by the algorithm wasEndosono-truncus. The resultEndosono-
truncus=nowas entered into the network and propagated. The Gini index of the distribution
over the subgoal now equalled0.32. Again the stopping criterion was not met. Also the overall
criterion was not satisfied. The next test variable for which the user was prompted for a result,
wasX-lungs. The resultX-lungs=yeswas entered into the network and propagated. The Gini
index of the distribution overM1 after performing this test was0.45. Note that the uncertainty
with regard to the most likely value of the subgoalM1 increased as a consequence of the result
of the X-ray that pointed to another value than all previously entered test results. Next, the result
of the CT-scan of the lungs was prompted for. The resultCT-lungs=yeswas entered into the net-
work. After propagation, the Gini index of the distribution over the subgoal equalled0.06. The
stopping criterion was now satisfied for the subgoalM1. The one-step look-ahead showed that
no result for the remaining test variables could serve to increase the Gini index so as to rise above
the threshold value. We note that the stopping criterion for the overall goalTherapywas met at
this stage as well. The test-selection process was thus halted. The selection of test variables is
summarised in the first column of Table 7.11.

Algorithm A2 selected the CT scan of the patient’s upper abdomen as the most informative
physical test with regard to the subgoal under study. The user was prompted for its results. The
valuesCT-liver=no andCT-truncus=nowere entered and were subsequently propagated to es-
tablish the posterior distribution for the subgoalM1 given the new information. The Gini index of
this new distribution equalled0.37. The stopping criterion was thus not met yet for the subgoal
M1; the same observation held with respect to the overall goal. The algorithm therefore pro-
ceeded with selecting the most informative physical test in view of the current distribution over
the subgoalM1. The thus selected physical test was an endosonography. Its resultsEndosono-
loco=yes, Endosono-mediast=no, Endosono-truncus=no, andEndosono-wall=T3were entered
into the network and propagated. The Gini index of the distribution overM1 now equalled0.32.
The stopping criterion was again not satisfied for the subgoal under study; the same held for
the overall goal. The next physical test selected by the algorithm was an X-ray of the patient’s
thorax. Its resultX-lungs=yeswas entered into the network and propagated. The Gini index of
the distribution over the subgoal now equalled0.45. Note that the uncertainty with regard to the
most likely value of the current subgoalM1 again increased as a consequence of the result of the
X-ray. Next, the results of the CT-scan of the thorax were prompted for. Its resultsCT-lungs=yes,
CT-loco=yes, andCT-organs=nonewere entered into the network. After propagation, the Gini
index of the distribution over the subgoal equalled0.06. The stopping criterion was now satisfied
for the subgoalM1. The one-step look-ahead showed that no result for the remaining physical
tests could serve to increase the Gini index so as to rise above the threshold value. The stopping
criterion was also met for the overall goalTherapy. The test-selection process was thus halted.
The selection of test variables is summarised in the second column of Table 7.11. We would like
to note that the sequence of physical tests selected by algorithmA2 equals the sequence generated
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Table 7.11: The sequence of tests selected for the three different algorithms.

A1 A2 A3

goal: Condition starting package starting package starting package
goal: M1 CT-liver CT-abdomen CT-liver; CT-abdomen

CT-truncus Endosonography Endosono-truncus; Endosonography
Endosono-truncus X-thorax X-lungs; X-thorax

X-lungs CT-thorax CT-lungs; CT-thorax
CT-lungs STOP STOP
STOP

by algorithmA1. However, algorithmA2 prompts the user for twice as many test results.
Algorithm A3 equally showed a similar behaviour. The results from the starting package

of tests were entered into the network and were subsequently propagated. With regard to the
subgoalM1, the algorithm again selected the test variableCT-liver to be the most informative.
Since the physical test with which a value forCT-liver is found also yields a value forCT-
truncus, the user was prompted for the values of both variables. Again, the resultsCT-liver=no
and CT-truncus=nowere entered and propagated. Note that the same evidence was entered
while using algorithmA2. The value of the Gini index of the distribution over the subgoal
M1 therefore again equalled0.37. Both the stopping criterion for the subgoal and that for the
overall goal were not met and the algorithm continued the test-selection process. The test variable
Endosono-truncuswas found to be the next most informative test variable. As for algorithmA2,
the resultsEndosono-loco=yes, Endosono-mediast=no, Endosono-truncus=no, andEndosono-
wall=T3 were entered into the network and propagated, since the physical test with which a
value forEndosono-truncusis found also yields a value for the other three test variables. Again,
the Gini index over the subgoal was0.32 and the stopping criterion was not satisfied; also the
overall stopping criterion was not met. The test variableX-lungswas found to be the next most
informative test variable. Its resultX-lungs=yeswas entered into the network and propagated.
As for algorithmA2 the Gini index over the subgoal now was0.45 and the stopping criterion was
not satisfied; also the overall stopping criterion was not met. Next, the result of the test variable
CT-lungswas prompted for. Since the physical test with which a value forCT-lungsis found
also yields a value forCT-locoandCT-organs, the user was prompted for the values of all three
variables. The resultsCT-lungs=yes, CT-loco=yes, andCT-organs=nonewere entered into the
network. After propagation, the Gini index of the distribution over the subgoal equalled0.06.
The stopping criterion was now satisfied for the subgoalM1. The one-step look-ahead showed
that no result for the remaining test variables could serve to increase the Gini index so as to rise
above the threshold value. The stopping criterion for the overall goalTherapywas also met. The
test-selection process was thus halted. The selection of test variables is summarised in the right
most column of Table 7.11. We note that the sequence of physical tests selected by algorithmA3

equals the sequence generated by algorithmsA1 andA2. AlgorithmsA2 andA3 prompted the
user for equally many test results.

We would like to note that all three algorithms resulted in rather similar sequences of tests
not just for the patient reviewed above, but also for the other seven patient cases with which



114 Chapter 7. New algorithms for test selection in probabilistic networks

we conducted our experiment. Our findings may be explained as follows. When a single test
variable is expected to result in the largest decrease of diagnostic uncertainty, then it is likely that
the test to which it pertains will be the most informative test. To this end we recall that the most
informative test is computed by using all combinations of possible test results for the various
different variables belonging to a physical test. Now if, for instance, the variable that models the
result of the CT-scan of the liver is very informative, then the CT-scan of the abdomen is likely
to be informative as well. We would like to note that this property does not necessarily hold in
general. Examples can be readily constructed for which the most informative test variable does
not belong to the most informative physical test. However, such examples are not expected to
occur very often. We note that the algorithmsA2 andA3 especially showed the same behaviour
in all patient cases. Since algorithmA2 is computationally much more demanding than algorithm
A3, we would like to recommend the use of the semi-myopic test-selection algorithm.

To conclude, we presented the sequences of tests constructed by the algorithmsA1 andA3

for patient 2 as discussed above, to our domain experts. We first showed the test results from
the starting package of tests. For algorithmA1, we then showed the selected test variables along
with their results. For algorithmA3, we presented the physical tests that had been selected and
the results for the various different test variables that pertain to these tests. We asked the experts
which sequence of tests they felt most comfortable with. We also asked them whether they would
prefer to order more tests after the results of the CT-scan of the patient’s lungs had become
available, or would order fewer tests. The experts indicated that they felt more comfortable with
the sequence of test variables generated by the semi-myopic algorithmA3. They indicated that
the sequence generated by algorithmA1 appeared unnatural, referring to for instance the CT-
scan of the liver and the CT-scan of the truncus coeliacus not being performed at the same time.
They further indicated that they might have stopped the test-selection process after obtaining the
positive result from the X-ray of the patient’s lungs. Apparently, they felt sufficiently confident
with the result of the X-ray despite its low sensitivity and specificity. This finding matches our
earlier observation that our domain experts are not influenced to a large extent by the tests’
characteristics. No tests were found missing from the sequence. They further indicated that
the sequence of tests looked somewhat odd: they indicated that they would prefer to perform
‘simple’ tests first. We will address this issue in our conclusions.

7.4 Conclusions

Most test-selection algorithms currently in use select variables myopically, that is, variables are
selected sequentially, on a one-by-one basis. In each step, the most informative test variable is
selected, using an information measure. The user then is prompted for its results. After the results
have been entered, the next test variable is selected. In non-myopic test selection, in contrast, the
information gain is computed for all possible combinations of test variables. We have argued that
a fully non-myopic algorithm is computationally very much demanding. Yet, we felt that myopic
test selection is not very realistic for many medical applications. Our conclusion was based upon
the insights that we gained from the two domain experts in the field of oesophageal cancer, with
regard to their daily test-selection routines. We found for example that the test-selection process
was governed by a sequence of subgoals. We further found that various test-selection variables
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can pertain to just one physical diagnostic test. We also found that physical tests are ordered in
packages to save the overall time of the diagnostic phase in a patient’s management.

In this chapter, we focused on the first two issues described above and presented three new
test-selection algorithms. AlgorithmA1 is fully myopic in nature, selecting the diagnostic tests
to be performed based upon the informativity of separate variables. The difference with the basic
myopic algorithm is that algorithmA1 takes a sequence of subgoals for the selection of tests
into consideration. After selecting the most informative test variable for the current subgoal, the
user is prompted only for the result of this variable. AlgorithmA3 also performs the selection
of tests at the level of the test variables. After selecting the most informative test variable,
however, the user is prompted for the results of all test variables that belong to the same physical
test as the most informative test variable. In contrast with algorithmsA1 and A3, algorithm
A2 selects diagnostic tests at the level of physical tests; for this purpose it uses a prespecified
clustering of test variables. By selecting clusters of test variables, the algorithm in essence is
non-myopic in nature, yet in a very restricted sense. The new test-selection algorithms include a
stopping criterion to prevent overtesting. Since the algorithms aim at test selection with regard
to a sequence of subgoals in addition to an overall goal, we designed our criterion to apply to
different goals. From experiments that we ran with the extended oesophageal cancer network, we
concluded that a stopping criterion that builds upon the value of the Gini index of the probability
distribution over a subgoal should be preferred. To prevent stopping too early, we added a limited
look-ahead to our criterion.

From our experiments with the oesophageal cancer network, we found that the three algo-
rithms behave comparably. AlgorithmsA2 andA3 in fact resulted in the same sequences of
selected tests. Of these two algorithms, algorithmA3 is to be preferred, since it is computation-
ally much less demanding. We presented the sequences of test variables, and the moments at
which the test-selection process halted, as generated by the algorithmsA1 andA3, to our domain
experts. The experts indicated that they felt more comfortable with the results of the semi-myopic
algorithmA3. They indicated, however, that in their daily routines they would prefer to perform
‘simple’ tests first. We would like to note that the argument of preferring simple tests, that is,
tests for which the results are obtained within a short period of time or tests that have low costs,
can be readily employed by our algorithm by building upon the concept of utility.

In this chapter, we focused on taking subgoals for test selection into consideration and on
selecting physical tests. We argued in Chapter 6 that in our application domain tests are ordered
in packages. So far, we have not addressed selecting packages of tests. Note that, in essence,
we could have clustered the test variables according to the package of tests they belong to. This
would have resulted in test-selection sequences that closely fit in with the daily test-selection
routines of our experts. Clustering test variables to packages rather than physical tests would
again increase the computation time. We would further like to note that the current test-selection
routines employed by our experts are based upon general guidelines for establishing the stage
of a patient’s tumour and deciding upon the most preferred therapy. These guidelines, however,
are designed as guidelines for all patients. Note that guidelines for specific (groups of) patients
would easily become impractical to work with. With our test-selection algorithms, however, the
experts are supported in working far more patient specific, which is likely to induce a decrease
in the amount of money spent and an increase in the quality of their management.





CHAPTER 8

Conclusion

Decision-support systems are being developed for a wide range of domains, among which is the
medical domain. We have argued that to provide true support to its users, a decision-support
system should prove to be of added value, for example by resulting in lower costs, shorter wait-
inglists, less discomfort for patients and better care. The decision-support system should not
only provide information about the most probable diseases or best suitable therapy, it should also
provide its user with information about which diagnostic tests should be performed in a patient’s
overall management. These diagnostic tests then are performed to reduce the uncertainty about
the patient’s true condition. The aim of this thesis was to develop a test-selection facility for
decision-support systems that include a probabilistic network for knowledge representation and
reasoning. This facility should induce a test-selection strategy that is based upon mathematical
principles yet fits in with the daily test-selection strategies employed by physicians. For evalua-
tion purposes, we could build upon the oesophageal cancer network that had been developed at
Utrecht University over a period of more than ten years.

We addressed the issue of modelling reliability characteristics of diagnostic tests in proba-
bilistic networks. We argued, in Chapter 4, that a probabilistic network has to explicitly dis-
tinguish between variables that represent test results and variables that represent the underlying
truth, to provide for including these characteristics. We detailed the standard characteristics,
moreover, to accommodate for non-binary disease and test variables. We further stratified the
characteristics for different groups of patients. We showed that the standard concepts of sensitiv-
ity and specificity can be readily reconstructed from these more detailed, and possibly stratified,
characteristics.

Test selection in essence amounts to studying the informative value of the various possi-
ble test results that may be obtained. For this purpose, an information measure can be used, of
which the Shannon entropy, the Gini index and the misclassification error are the most commonly
employed. In Chapter 5, we analysed the differences between the three measures from a funda-
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mental perspective and investigated their first derivatives. We argued that the Gini index can
be looked upon as an approximation of the Shannon entropy and that the misclassification error
in turn is a two-point approximation of the Gini index. With respect to their test-selection be-
haviour, we observed that, although a shift in many probability distributions over the diagnostic
variable is valued similarly by the Gini index and the Shannon entropy, a shift to rather extreme
distributions is valued much higher by the Shannon entropy than by the Gini index. Based upon
this observation, the two measures are expected, at least occasionally, to select different tests.
We conducted an experiment studying the behaviour of the Shannon entropy and the Gini index
within the real-life setting of the oesophageal cancer network. The results from our experiment
served to corroborate the differences in behaviour expected from our more fundamental analy-
sis. A sensitivity analysis with respect to the selection of tests by the two information measures,
moreover, showed that test selection based on the Shannon entropy and the Gini index is quite
robust. We feel that, despite their possible differences in behaviour, both measures are equally
suited for use in a decision-support system. The characteristics of the application domain under
study then determine which of the two measures had best be used. We furthermore concluded
from our analyses that the misclassification error should not be used for test-selection purposes.

Upon working with the oesophageal cancer network, we felt that using the sequential test-
selection strategies commonly proposed in the decision-making literature would be an oversim-
plification of our experts’ daily problem-solving practice. We acquired knowledge about the
actual strategy used by the experts to provide for the design of a tailored test-selection strategy.
In Chapter 6, we proposed an elicitation method composed of three focused interviews: an un-
structured interview, followed up by a structured one and an interview for refinement purposes.
We were able to elicit in detail the general strategy and the different arguments underlying the
experts’ test-selection decisions. Since we wished to ascertain that we had elicited sufficient
detail for the design of an automated test selection facility, we compared the medical records
of 156 patients against the elicited strategy, using the flowchart that we had constructed from
the interviews. We found that the results of our comparison were influenced to a large extent
by various issues. The data in a patient’s record often originated from different hospitals. The
data being available from different sources tended to influence the experts’ selection of tests and
thereby obscured their compliance with the flowchart. Moreover, our data was collected over a
longer period of time during which the medical practice had changed. These changes were hard
to detect from the data itself without consulting the experts. Our analysis was further seriously
hampered by a relatively large number of missing values, especially since a missing value could
have different meanings. As a consequence of these issues, we were not able to derive any def-
inite conclusions from our comparison. We feel that the above and other related issues are not
reserved for our field of application. In fact, we feel that these issues are likely to arise in many
retrospective real-life medical data collections and should be carefully analysed.

Based upon the above insights, we designed three new algorithms for test selection and
a number of associated stopping criteria. These criteria should prevent the algorithms from
overtesting and prevent them from stopping the test-selection process too early. We studied the
behaviour of the various stopping criteria in the context of the oesophageal cancer network and
found that the simplest criteria performed best. These criteria study the probability of the most
likely value of the diagnostic variable and the Gini index of the entire distribution over this vari-
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able, respectively. The three test-selection algorithms have all been enhanced with a sequence of
subgoals to be addressed and differ mainly in their degree of non-myopia. Our first algorithm is a
fully myopic test-selection algorithm. It selects the most informative variable describing a single
result from a physical test, prompts the user for the result, and continues the selection. Our fully
non-myopic test-selection algorithm selects the most informative physical test, prompts the user
for all its results, and continues the selection process. The third, semi-myopic test-selection al-
gorithm selects, like the myopic algorithm, the most informative variable that describes a single
result from a physical test, but prompts the user for all results from the test. We presented the
test-selection sequences generated by our myopic and semi-myopic algorithms to the experts.
They indicated that they felt quite comfortable with the sequence generated by especially the
semi-myopic algorithm.

The goal of this thesis was to design a test-selection facility for decision-support systems with
a probabilistic network. The facility should have a firm mathematical basis in decision theory yet
closely fit in with daily problem-solving practice. Based upon our fundamental and experimental
results, we observe that our semi-myopic test-selection algorithm which uses the Gini index as
an information measure and a stopping criterion that is based upon the value of the Gini index
with a one-step look-ahead facility, matches the aim that we set out to fulfil. We are aware that
further research on including for instance the time it takes to obtain a test result, the costs of
tests, the discomfort for the patient and the utility to perform ‘simple’ tests prior to other tests,
should still be performed. We feel, however, that we have taken an important step towards the
acceptance of decision-support systems as valuable assistants for physicians.
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Testselectie-strategieën voor
probabilistische netwerken - samenvatting

Een beslissingsondersteunend systeem is een computergebaseerd systeem dat mensen onderste-
unt bij het nemen van (complexe) beslissingen. Dergelijke systemen worden vaak ontworpen
om problemen op te lossen die een flinke hoeveelheid domeinkennis vereisen. In dit proefschrift
richten we ons op beslissingsondersteuning binnen het domein van de geneeskunde.

De laatste jaren zijn we meer en meer gaan begrijpen van ziekteprocessen en van hoe met
ziekten om te gaan. Zelfs voor gespecialiseerde artsen is het vaak moeilijk om helemaal up-to-
date te blijven met de vakliteratuur, de nieuwste behandelmethoden, medicatie en ziekteleer. Aan
de andere kant worden de kosten van de steeds gecompliceerder behandelingen, tests en proce-
dures steeds hoger. Van ziekenhuizen wordt verwacht dat ze de best mogelijke zorg verlenen
met een zo laag mogelijk budget. Artsen beseffen meer en meer dat als zij een fout maken, dit
niet alleen gevolgen heeft voor de patiënt, maar dat de arts ook aangeklaagd kan worden met alle
mogelijke financïele en professionele gevolgen vandien. Dit alles heeft ertoe geleid dat medische
procedures steeds meer gestandaardiseerd worden. Beslissingsondersteunende systemen kunnen
hierbij ook een belangrijke rol spelen. Zij kunnen de artsen ondersteunen met patiëntspecifieke
adviezen.

Om adviezen te kunnen geven waar de arts of gebruiker vertrouwen in heeft en om daad-
werkelijk een aanvulling te zijn op de kennis van de arts, moet een beslissingsondersteunend
systeem aan een aantal eisen voldoen. Het systeem moet bijvoorbeeld in staat zijn om op elk mo-
ment gedurende het beslisproces informatie te geven over waarom het bepaalde conclusies heeft
getrokken en waarom andere verworpen zijn. Verder zou het verschillende scenario’s moeten
kunnen analyseren. Verder zou het informatie moeten verschaffen over welke diagnose het
meest waarschijnlijk is gegeven bepaalde testresultaten. Links met literatuur, woordenboeken
en het elektronisch patiënten dossier zijn ook wenselijk. In dit proefschrift richten we ons op
het uitbreiden van een beslissingsondersteunend systeem met een faciliteit die de arts kan ad-
viseren over welke diagnostische test of combinatie van tests het best aangevraagd kan worden
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voor een patïent gegeven de informatie die op dat moment beschikbaar is. Een dergelijke fa-
ciliteit moet resulteren in een testselectie strategie die gebaseerd is op de wiskundige principes
van de besliskunde, maar goed aansluit bij de testselectie strategie die de artsen hanteren in hun
dagelijkse praktijk.

Om onze nieuwe faciliteit in een realistische omgeving te bestuderen en te evalueren, maken
we gebruik van het slokdarmkanker netwerk. Dit beslissingsondersteunende systeem beschri-
jft de karakteristieken van een primaire tumor, de aan- of afwezigheid van uitzaaiingen en de
eventuele doorgroei van de tumor naar naastliggende structuren. Doel van het systeem is om
te bepalen wat het stadium van de kanker is. Het slokdarmkanker netwerk is een probabilis-
tisch netwerk. Een probabilistisch netwerk bestaat uit een kwantitatief en een kwalitatief deel.
Het kwantitatieve deel is een gerichte graaf waarin de knopen de belangrijke variabelen in het
domein, in ons geval slokdarmkanker, modelleren en de pijlen de afhankelijkheden tussen deze
variabelen aangeven. Het kwalitatieve deel is een verzameling kansverdelingen. Voor iedere
variabele in de graaf zijn conditionele kansverdelingen gespecificeerd die de kans weergeven op
een waarde van deze variabele gegeven alle mogelijke combinaties van waarden van de ouders
van deze variabele. Probabilistische netwerken in het algemeen en het slokdarmkanker netwerk
in het bijzonder, worden beschreven in hoofdstuk 2.

Een algoritme voor automatische testselectie bestaat uit drie componenten: een maat die
aangeeft hoe informatief het uitvoeren van een test naar verwachting zal zijn, een zogenaamde
testselectie-loop en een criterium dat aangeeft wanneer geen volgende tests meer aangevraagd
zouden moeten worden, het zogenaamde stopcriterium. Testselectie algoritmen zijn myopisch
of niet-myopisch. Bij myopische testselectie worden testséén vooréén geselecteerd, bij niet-
myopische testselectie daarentegen wordt gekeken welke test of combinatie van tests aange-
vraagd zou moeten worden. In hoofdstuk 3 beschrijven we verschillende maten die de infor-
mativiteit van een test weergeven. Verder bespreken we welke stopcriteria er gebruikt zijn door
verschillende auteurs en welke myopische en niet-myopische testselectie algoritmen in de liter-
atuur beschreven zijn. Ook bespreken we hier verschillende maten die informatie geven over
de betrouwbaarheid van een testresultaat, zoals de sensitiviteit, die aangeeft hoe groot de kans
is dat er een positief testresultaat is, gegeven de aanwezigheid van de ziekte waarop getest is,
de specificiteit, de kans is dat er een negatief testresultaat is, gegeven de afwezigheid van de
ziekte waarop getest is, en de predictieve waarde die informatie geeft over de kans op de aan- of
afwezigheid van de ziekte waarvoor getest is gegeven een positief danwel negatief testresultaat.

De testkarakteristieken zoals hierboven beschreven zijn in de literatuur vaak gedefinieerd
voor binaire variabelen die de ziekte omschrijven en binaire variabelen die testresultaten weer-
geven. In deze situatie is een ziekte dus simpelweg aan- of afwezig en een testresultaat positief
of negatief. In een probabilistisch netwerk zitten echter vaak niet-binaire variabelen voor zowel
de ziekten als de tests. Om om te kunnen gaan met niet-binaire variabelen, hebben we de stan-
daard concepten van de sensitiviteit en de specificiteit verder gedetailleerd. We geven in hoofd-
stuk 4 aan hoe vanuit deze detaileerde sensitiviteiten en specificiteiten de globale sensitiviteit en
specificiteit berekend kunnen worden. Soms is een testresultaat niet alleen afhankelijk van de
pathologische toestand in het lichaam, maar kan deze ook afhangen van bijvoorbeeld tot welke
groep patïenten iemand behoort. De sensitiviteit en specificiteit zijn nu in feite gestratificeerd
voor verschillende groepen patiënten. Vanuit deze gestratificeerde testkarakteristieken kunnen
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we wederom de globale sensitiviteit en specificiteit bepalen. Wanneer een testresultaat bekend
is, zijn we niet langer gëınteresseerd in de sensitiviteit en de specificiteit, maar in het effect van
het testresultaat op de kansverdeling over de variabele die de ziekte weergeeft. In hoofdstuk 4
laten we ook zien hoe deze zogenaamde predictieve waarde berekend kan worden gebruikmak-
end van de gedetailleerde sensitiviteiten en specificiteiten.

Zoals eerder aangegeven gebruikt een testselectie algoritme een maat die aangeeft hoe in-
formatief een test is. De drie meest bekende maten zijn de Shannon entropie, de Gini index
en de misclassification error. In hoofdstuk 5 analyseren we deze drie maten vanuit zowel een
fundamenteel als ook een experimenteel perspectief. Allereerst hebben we gekeken naar de drie
functies en hun eerste afgeleiden. We tonen aan dat de Gini index gezien kan worden als een be-
nadering van de Shannon entropie en dat de misclassification error een tweepunts benadering is
van de Gini index. Wanneer we kijken naar het testselectie gedrag van de drie maten, zien we dat
voor veel kansverdelingen over de diagnostische variabele, een verschuiving in deze kansverdel-
ing gëınduceerd door een test, door de Gini index en de Shannon entropie dezelfde waardering
krijgen. Echter, voor extreme verdelingen geldt dat de Shannon entropie aan verschuivingen
naar extreme kansen veel meer waarde hecht dan de Gini index. We tonen aan dat dit theoretisch
aangetoonde verschil in testselectie gedrag ook te observeren is in ons systeem. De Shannon
entropie en de Gini index selecteerden verschillende tests wanneer de situatie zoals hierboven
beschreven zich voordeed. Ondanks dit verschil concluderen we dat beide maten geschikt zijn
als maat voor testselectie in een beslissingsondersteunend systeem. We laten tevens zien dat de
misclassification error eigenlijk niet geschikt is voor testselectie doeleinden omdat het de neiging
heeft om tests willekeurig te kiezen wanneer alle mogelijke verschuivingen in de kansverdeling
over de diagnostische variabele in hetzelfde interval zitten. Een sensitiviteitsanalyse van de Shan-
non entropie en de Gini index laat zien dat beide maten resulteren in robuuste selectie van tests.
Wij hebben er uiteindelijk voor gekozen de Gini index te gebruiken in ons systeem.

Zoals we in hoofdstuk 3 beschreven, worden tests vaak sequentieel geselecteerd. Een test
wordt aangevraagd, het resultaat wordt ingevoerd en een volgende test wordt aangevraagd. Om-
dat wij van mening waren dat een dergelijke testselectie strategie een oversimplificatie zou zijn
van het dagelijkse probleemoplossen van onze domein deskundigen, hebben we besloten om
kennis over hun strategie te eliciteren om zo een testselectie faciliteit te kunnen maken die beter
aansluit bij de dagelijkse praktijk. In hoofdstuk 6 beschrijven we hoe we de testselectie strategie
die onze experts dagelijks hanteren hebben geëliciteerd. We hebben hiervoor gebruik gemaakt
van drie interviews: een ongestructureerd interview, gevolgd door een gestructureerd interview
en als laatste een interview om onze resultaten te bespreken en te verfijnen. Op basis van het
eerste interview, dat bestond uit vragen als “beschrijf welke tests je aanvraagt vanaf het moment
dat een patïent voor het eerst bij je komt tot aan het vaststellen van de juiste behandeling”, hebben
we geconcludeerd dat tests aangevraagd worden in drie verschillende pakketjes. Alle tests uitéén
pakket worden tegelijkertijd aangevraagd. Op basis van deze kennis hebben we een eenvoudig
stroomdiagram opgesteld. Tijdens het tweede interview hebben we acht patiëntencases bespro-
ken die door onszelf samengesteld waren. Deze acht cases bevonden zich op de grenzen van de
verschillende beslismomenten in ons stroomdiagram. Deze cases waren weergegeven op kaart-
jes, waarbij ieder kaartje een pakket tests aangaf. Op basis van dit tweede interview hebben we
ons stroomdiagram uitgebreid en aangepast. Tijdens het derde en laatste interview hebben we
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het opgestelde stroomdiagram besproken aan de hand van een data-analyse die we uitgevoerd
hadden en her en der kleine verfijningen aangebracht.

We wilden er zeker van zijn dat we voldoende details hadden geëliciteerd om een goede
automatische testselectie faciliteit te kunnen maken. We hebben daartoe de gegevens van 156
patïenten vergeleken met het stroomdiagram dat we opgesteld hadden. We vonden echter dat
onze resultaten sterk beı̈nvloed werden door verschillende zaken. Allereerst was de data afkom-
stig uit meerdere ziekenhuizen, wat de selectie van tests beı̈nvloedde en daardoor niet altijd
overeenkwam met het opgestelde stroomdiagram. Verder was de data verzameld gedurende een
lange periode. In deze tijdsperiode is de medische praktijk wat betreft het diagnostiseren van
slokdarmkanker althans, aangepast. Tenslotte werd onze analyse sterk bemoeilijkt door een grote
hoeveelheid missende waarden. Door dit alles waren we niet in staat om conclusies te trekken
uit onze vergelijking.

Op basis van de resultaten uit de eerdere hoofdstukken, hebben we drie nieuwe testselectie
algoritmen ontworpen. Deze worden beschreven in hoofdstuk 7. Tevens beschrijven we daar de
verschillende stopcriteria die we ontworpen hebben. Deze criteria zouden moeten voorkomen dat
teveel tests aangevraagd worden, maar, nog belangrijker, dan er niet te vroeg gestopt wordt met
het aanvragen van diagnostische tests. Het gedrag van de verschillende stopcriteria is bekeken
aan de hand van hun gedrag in de context van het slokdarmkanker netwerk. We concluderen in
hoofdstuk 7 dat de eenvoudigste criteria het beste functioneren. Deze criteria bekijken de kans
van de meest waarschijnlijke waarde van de diagnostische variabele respectievelijk de Gini index
van de kansverdeling over deze variabele. Ons uiteindelijke stopcriterium is een combinatie van
deze twee criteria.

De drie testselectie algoritmen maken gebruik van de subdoelen, weergegeven als beslismo-
menten in het eerder beschreven stroomdiagram. Het eerste algoritme selecteert een test vari-
abele op basis van de Gini index, vult de waarde van deze variabele in, en bepaalt vervolgens
welke test variabele nu het meest informatief is. Het tweede algoritme daarentegen selecteert de
meest informatieve werkelijke test en vult de waarden van alle test variabelen die bij deze fysieke
test horen in. Het derde, semi-myopische testselectie algoritme selecteert de meest informatieve
test variabele zoals ook ons eerste algoritme deed, maar vult niet alleen de waarde van deze test
variabele in, maar ook die van alle variabelen die tot dezelfde fysieke test behoren als de test
variabele die geselecteerd was. De testselectie strategie die door deze drie algoritmen gevonden
werd is voorgelegd aan de experts. Deze waren van mening dat ze zich met name prettig voelden
bij de resultaten van het derde algoritme.

In Hoofstuk 8 geven we tenslotte aan dat het doel van dit proefschrift was om een testse-
lectie faciliteit te ontwikkelen voor beslissingsondersteunende systemen met een probabilistisch
netwerk. De basis van deze faciliteit moest in de wiskunde liggen, echter de faciliteit zou moeten
resulteren in testselectie strategieën die aansluiten bij de dagelijkse praktijk. Gebaseerd op
onze fundamentele en experimentele resultaten, kunnen we concluderen dat ons semi-myopische
testselectie algoritme dat de Gini index gebruikt als informatiemaat en een stopcriterium dat
gebaseerd is op waarde van de Gini index met een zogenaamde one-step look-ahead faciliteit,
aansluit bij het doel dat we gesteld hadden. Verder onderzoek zou zich moeten richten op het
meenemen van de tijd die het kost om een resultaat te verkrijgen van een test, de kosten van
een test, patiëntenvoorkeuren en de utiliteit om simpele tests uit te voeren voordat je overgaat
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naar de meer gecompliceerde tests. Ondanks dat deze zaken duidelijk nog aandacht verdienen,
zijn wij van mening dat we reeds nu een belangrijke stap hebben gezet in de acceptatie van
beslissingsondersteunende systemen als waardevolle assistenten van artsen.
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