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Purpose of this document

This document is the result of work carried out by the Biomedical Task Group of the MONET 2
project (IST-2001-33540) in gathering information about the status of model-based and qualitative
reasoning technology in the biomedical domain.

This document provides:

• a rationale of why model-based and qualitative reasoning technology are worthwhile exploring
in the context of biomedicine;

• an overview of various successful model-based and qualitative-reasoning research results in
biomedicine;

• an impression of the status of the use of model-based and qualitative-reasoning technology in
health-care and biomedical industry.

This document is aimed at fulfilling the requirements for deliverable B1 (version 2) of the Biomedical
Task Group of MONET 2.
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1 Introduction

Modelling has always been one of the central approaches when tackling problems in medicine and
biology, as in these fields it often pays off to take into account explicit knowledge of structure and
underlying mechanisms. In many cases, there is a basic, qualitative understanding of biological mech-
anisms underlying processes; the high complexity and the non-standard mathematical nature of bio-
logical mechanisms, however, makes it hard, and often even impossible, to describe these mechanisms
using quantitative techniques, except roughly in terms of statistics. As the understanding of the na-
ture of biological processes is fundamental to life sciences, it is not surprising that much work in
these fields is essentially model-based. However, the biomedical community is mostly not familiar
with what qualitative and model-based reasoning (QR & MBR) technology has to offer. Conse-
quently, there is a clear role for the Biomedical Task Group of MONET 2 to increase the awareness
of biomedical researchers, industry and health-care organisations of the potential of model-based and
qualitative-reasoning technology.

In this report, we sketch the historic development of the use of model-based and qualitative-
reasoning methods in biomedicine, and look upon this technology from the viewpoint of modern
biomedical research. Biomedical research is currently very much driven by empirical evidence and
the analysis of experimental data, which is why we have attempted to take this emerging setting of
biomedical research and health-care organisations into account. Until recently, clinical patient data
have been stored in almost inaccessible paper form, hampering scientific use of this information. Fur-
thermore, the IT infrastructure of hospitals consisted for more than 25 years only of a hospital-wide
information system, storing administrative data and laboratory data. However, this infrastructure is
currently being revolutionised by the introduction of electronic communication and clinical informa-
tion systems in the wards. Similar developments are taking place in primary care. Also bioinfor-
matics is giving a major impetus to fundamental research in the Life Sciences, where again being
able to interpret data is of primary importance. These developments may offer new opportunities for
qualitative-reasoning and model-based techniques, as these techniques are very suitable for bridging
the gap between raw data, or the lack thereof, and constructing understandable models that can be
manipulated to solve problems.

The report is structured as follows. In Section 2 we summarise research in using model-based
reasoning methods in biomedicine. Section 3 summarises our findings on the use of qualitative-
reasoning and model-based techniques in biomedical industry. Finally, in Section 4 we comment on
our findings.

2 Model-based approaches in biomedicine

We start by reviewing model-based diagnosis in medicine, as model-based diagnosis is a particularly
well-developed technology, and many medical applications of it have been and are being developed.
Subsequently, the use of model-based and qualitative approaches in predicting outcome of actions is
considered. Finally, the exploitation of model-based and qualitative reasoning in bioinformatics is
reviewed.
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2.1 Diagnostic systems in medicine

2.1.1 The problem of diagnosis and early approaches

Discovering what is wrong in a patient with specific symptoms and signs, i.e. diagnosis, is usually
the starting point of medical management. It is, therefore, not surprising that diagnosis was one of
the first subjects studied in the field of Medical Artificial Intelligence: in the burgeoning field of
expert systems in the 1970s and 1980s, medical diagnostic applications abound. In fact, the impact of
systems like MYCIN, [109], and INTERNIST-1, [87], on the field of Artificial Intelligence in general
has been so large that many people outside the medical field believe that diagnostic expert systems are
now in routine use in almost every hospital.

Only few systems developed in the early years have actually reached the stage of clinical maturity.
Examples are a system for the diagnosis of acute abdominal pain [27], PUFF, a system for the auto-
mated interpretation of pulmonary function tests [4], and HEPAXPERT-I, a system that is used for the
interpretation of serological tests for viral hepatitis A and B [3]. There have been various reasons for
the limited spread of medical diagnostic systems. Firstly, the need of clinicians for computer-based
decision support in the diagnostic process appears less prominent than thought by many researchers
in the early days of Medical Artificial Intelligence. Secondly, the scientific basis of diagnosis was in
a premature stage in the 1970s and 1980s. In critical fields like medicine, techniques lacking a solid
foundation are not readily accepted. Thirdly, developing a reliable diagnostic system is a much de-
manding job, often requiring more time, effort and money than both researchers and funding agencies
are prepared to invest. Obviously, this is still a problem today. Finally, the computational infras-
tructure in hospitals is often inadequate, and most physicians are not even accustomed to the idea of
computer-aided problem solving.

Currently, research into medical diagnostic systems is again gaining momentum, in particular in
well-chosen medical niches where the diagnostic process can be improved significantly by using reli-
able diagnostic systems. For example, the early clinical diagnosis of jaundice or ventilator-associated
pneumonia are widely recognised as being difficult tasks for non-expert clinicians, requiring some
form of decision support [118, 82]. Much progress has been made in the last decade in the develop-
ment of solid theoretical foundations for diagnostic systems, employing logic, probability theory and
set theory, thus providing a richer and more mature starting point for developers. Improvements to the
theory of diagnostic systems are being developed up to this day. An important shift in the research
of the last decade has also been that modern medical diagnostic systems increasingly rely on models
of disease processes and models of structure and function of the human body. Furthermore, the in-
frastructure of health-care computing is currently being improved. As a consequence of the factors
above, the outlook for diagnostic systems that are adequately integrated in the clinical environment is
now much better than a decade ago [110], and this is reflected by the fact that many researchers are
again involved in the development of such systems. People involved in such research now also see
possibilities for developing such research results into products.

2.1.2 Formal theories of diagnosis

Many early diagnostic systems in medicine were based on empirical knowledge, often expressed as
rules, and used in conjunction with a deductive reasoning method to solve diagnostic problems. Such
rules were interpreted as being part of a classification relation; patients with specific symptoms and
signs could be classified as belonging to certain diagnostic categories in terms of this relation [80].

The insight that pathophysiological models could also be employed as a basis for diagnosis al-
ready emerged at the end of the 1970s in the CASNET project [127]. In the CASNET system, medical
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Figure 1: Basic idea underlying consistency-based diagnosis.

knowledge was expressed as (atemporal) cause-effect relationships, modelling the natural course of
disease. ABEL was another early system incorporating causal knowledge; it was capable of diag-
nosing acid-base and electrolyte disturbances in a patient [93]. The major lesson learnt from these
projects is that the representation of domain knowledge and the interpretation of this knowledge for a
particular task, such as diagnosis, can be separated; hence, diagnosis need not necessarily be done in
terms of a straightforward classification relation.

At the beginning of the 1980s, J.A. Reggia and colleagues proposed a new formal theory of di-
agnosis based on set theory, called the set-covering theory [104]. This theory offers a precise, formal
definition of diagnosis of a problem using causal knowledge concerning disorders. Subsequent work
has yielded several algorithms to compute set-covering diagnoses efficiently [96, 107, 129].

R. Reiter proposed a logic-based formal theory of diagnosis in 1987, aiming at formally captur-
ing diagnosis of abnormal behaviour in a device or system, using a model of normal structure and
behaviour [105]. Nowadays, Reiter’s theory, which was later extended by J. de Kleer and colleagues,
[65], to deal with knowledge of both normal and abnormal behaviour, is usually referred to as the the-
ory of consistency-based diagnosis (See Figure 1). Basically, consistency-based diagnosis amounts to
finding faulty device components that account for a discrepancy between predicted normal behaviour
of a device, according to a model, and actually observed behaviour. The discrepancy is formalised
as logical inconsistency; a diagnosis is established when assuming particular components to be faulty
and others to be normally functioning restores consistency.

Approximately at the time of the publication of Reiter’s seminal article, another logical definition
of diagnosis was proposed by several researchers [25, 97]. This time the underlying knowledge used
for diagnosis was assumed to consist of causal relationships. The theory is known as the theory
of abductive diagnosis (See Figure 2), because diagnosis is formalised as reasoning from effects to
causes, using logical implications of the form

causes → effects

This type of reasoning is referred to as abduction; it is contrasted with deduction, which for implica-
tions of the form above, would amount to reasoning from causes to effects (provided that no negations
of effects are given). Although the set-covering theory mentioned above is expressed in set theory
and abductive diagnosis uses logic, the two theories have much in common. The theory of abductive
diagnosis, however, is more expressive, because it is possible to explicitly represent various sorts of
interaction among disorders, which is not possible in the original set-covering theory. For example,
it is not possible to express in the original set-covering theory that the simultaneous occurrence of
two or more disorders leads to masking of certain signs. However, these limitations of set-covering
theory can be easily redressed, as shown in [79]. L. Console and P. Torasso have investigated several
different versions of abductive diagnosis [22, 23], and have also developed an implementation of the
theory as the CHECK system [120].
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Even before the early rule-based, diagnostic systems mentioned above came into existence, di-
agnostic systems were built using probability theory [26, 37]. In particular, the simplified version
of Bayes’ rule, where observable findings are assumed to be conditionally independent given each
of the possible disorders distinguished, and where disorders are assumed to be exhaustive and mu-
tually exclusive, was and still is a popular basis for diagnostic systems [114]. The modelling power
of this so-called ‘independence form’ of Bayes’ rule is very limited, but it is known to offer a pow-
erful basis for building classifiers, which can be adopted as a basis for diagnostic systems [28, 34].
However, the introduction of the Bayesian network formalism, also called Bayesian belief networks,
causal probabilistic networks, or simply probabilistic networks [72, 52, 95], has rendered probability
theory a viable alternative to logic and set theory for developing model-based diagnostic systems. A
Bayesian (belief) network, also called causal probabilistic network, offer a model-based approach to
the development of diagnostic systems, integrating qualitative knowledge and statistics. A Bayesian
network consists of a directed acyclic graph (DAG) with a probability distribution over the collection
of discrete random variables corresponding to the nodes in the DAG. The probability distribution may
be factored according to the topology of the DAG, since it appears to be sufficient to specify only
local probability distributions Pr(V |π(V )), for each variable V with associated parents π(V ). This
usually yields an enormous reduction in the amount of probabilistic information to be specified. The
graph representation of a Bayesian network mirrors the dependencies and independencies among the
variables corresponding to the nodes in the graph. A variable is dependent of its parents and children,
but the variable V associated with a node is conditionally independent of any of its nondescendant
nodes given the variables associated with its parent nodes. In this way the probabilistic information
and also probabilistic computations are ‘localised’.

As an example, consider the Bayesian network depicted in Figure 3, which models the genetics
underlying Wilson’s disease, also called hepatolenticular degeneration. This is a disease caused by a
hereditary defect in the production of the copper-binding protein caeruloplasmin, which gives rise to
precipitation of copper in many tissues, such as the liver, brain and the cornea (mainly in Descemet’s
membrane). The network provides a precise representation of the conditional independence assump-
tions in this domain. In Figure 3, for example, ‘Free Serum Copper’ is conditionally independent of
‘Caeruloplasmin Serum Copper’, given the value of ‘Hepatic Copper’. The possibility to represent
knowledge in a local, modular fashion, using the concept of causality as a structuring principle, is a
very powerful feature of Bayesian networks. Like the model-based theories of diagnosis mentioned
above, domain representation and diagnostic interpretation are separated in Bayesian-network theory

Establishing a diagnosis for an individual patient in essence amounts to constructing a hypothesis
about the disease the patient is suffering from, based upon a set of indirect observations from diagnos-
tic tests. Diagnostic tests, however, generally do not serve to unambiguously reveal the condition of a
patient: the tests typically have true-positive rates and true-negative rates unequal to 100%. To avoid
misdiagnosis, the uncertainty in the test results obtained for a patient should be taken into considera-
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Figure 2: Basic idea underlying abductive diagnostic systems.
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KAYSER-FLEISCHER RINGS
YES 0.004
NO 0.996

RENAL DISEASE
YES 3.L-5
NO 1.000

PSYCHIATRIC DISEASE
YES 3.L-4
NO 1.000

CIRRHOSIS
YES 0.011
NO 0.989

WILSON’S DISEASE
YES 3.L-5
NO 1.000

URINARY COPPER
< 0.5 µmol/24h 0.945
0.5 − 1.6 µmol/24h 0.050
≥ 1.6 µmol/24h 0.005

TOTAL SERUM COPPER
DECREASED 0.026
NORMAL 0.943
INCREASED 0.031

MOTHER: WILSON’S DISEASE
YES 3.L-5
NO 1.000

SIBLING: WILSON’S DISEASE
YES 3.L-5
NO 1.000

FATHER: WILSON’S DISEASE
YES 3.L-5
NO 1.000

NEUROLOGICAL DISEASE
YES 9.L-4
NO 0.999

CAERULOPLASMIN SERUM COPPER
< 9.5 µmol/l 0.005
9.5 − 14.3 µmol/l 0.420
14.3 − 19.0 µmol/l 0.574

SIBLING: WILSON’S DISEASE GENOTYPE
HOMOZYGOUS 3.L-5
HETEROZYGOUS 0.011
NORMAL 0.989

TISSUE COPPER
NORMAL 0.995
MOD. INCREASED 0.002
TOXIC 0.003

FREE SERUM COPPER
0.8 − 1.6 µmol/l 0.994
1.6 − 8.0 µmol/l 0.006

SERUM CAERULOPLASMIN
< 200 mg/l 0.003
200 − 300 mg/l 0.419
≥ 300 mg/l 0.578

HEPATIC COPPER
20 − 50 µg/g 0.985
50 − 250 µg/g 0.015
≥ 250 µg/g 8.L-5

WILSON’S DISEASE GENOTYPE
HOMOZYGOUS 3.L-5
HETEROZYGOUS 0.011
NORMAL 0.989

AGE
0 − 6 0.075
6 − 10 0.050
10 − 16 0.080
16 − 25 0.145
25 − 40 0.240
≥ 40 0.410

FATHER: WILSON’S DISEASE GENOTYPE
HOMOZYGOUS 3.L-5
HETEROZYGOUS 0.011
NORMAL 0.989

MOTHER: WILSON’S DISEASE GENOTYPE
HOMOZYGOUS 3.L-5
HETEROZYGOUS 0.011
NORMAL 0.989

Figure 3: Bayesian network for the diagnosis of Wilson’s disease [68].
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tion upon constructing a diagnostic hypothesis. Bayesian networks offer a natural basis for this type
of reasoning with uncertainty. A significant number of network-based systems for medical diagnosis
have in fact been developed in the past and are currently being developed. Well-known early examples
are the Pathfinder [58, 59] and Munin [7] systems.

Formally, a diagnosis may be defined as a value assignment D∗ to a subset of the random variables
concerned, such that

D∗ = arg max
D

Pr(D | E)

where E is the observed evidence, composed of symptoms, signs and test results. A diagnosis thus is
a maximum a posteriori assignment, or MPA, to a given subset of variables. Establishing a maximum
a posteriori assignment from a Bayesian network, however, is extremely hard from a computational
point of view. Since in addition combinations of disease do not occur very often, diagnostic reasoning
is generally focused on single diseases. One approach is to assume that all diseases are mutually
exclusive. The different possible diseases then are taken as the values of a single disease variable.
Another approach is to capture each possible disease by a separate variable. Reasoning then amounts
to computing the probability distribution for each such variable separately. The combination of the
most likely values for these separate disease variables, however, need not be a maximum a posteriori
assignment to these variables.

To assist physicians in the complex task of diagnostic reasoning, a Bayesian network is often
equipped with a test-selection method that serves to indicate which tests had best be ordered to de-
crease the uncertainty about the disease present in a specific patient [8]. A test-selection method
typically employs an information-theoretic measure for assessing diagnostic uncertainty. Such a mea-
sure is defined on a probability distribution over a disease variable and expresses the expected amount
of information required to establish the value of this variable with certainty. An example measure of-
ten used for this purpose is the Shannon entropy. The measure can be extended to include information
about the costs involved in performing a specific test and about the side effects it can have. Since it
is computationally hard to look beyond the immediate next diagnostic test, test selection is generally
carried out non-myopically, that is, in a sequential manner. The method then suggests a test to be
performed and awaits the user’s input; after taking the test’s result into account, the method suggests
a subsequent test, and so on.

The model-based approaches to diagnosis have a number of properties in common:

• It is possible to generate various collections of disorders as diagnoses, called multiple-disorder
diagnoses, where the included disorders in a diagnosis together account for the observed find-
ings.

• Methods for the sequential gathering of evidence during diagnostic reasoning, as have been
traditionally available in rule-based diagnostic systems, can be added.

• A better understanding of generated advice by the user is obtainable, because the advice can be
explained in terms of a model of the domain.

Finally, a number of formal frameworks of diagnosis have been proposed in recent years [24, 79,
117]. A framework of diagnosis offers sufficient generality to express and analyse various notions
of diagnosis. These frameworks stress the important insight that there are many different notions
of diagnosis possible, dependent on the nature of the domain. Some of these frameworks have been
extended further in order to deal with temporal relationships in a domain [17]. For a detailed overview
of techniques underlying symbolic model-based diagnosis, the reader is referred to [80].
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2.1.3 The nature of medical domain models

The theories of diagnosis briefly discussed above, have no inherent relationships to medicine; these
are general, domain-independent theories of diagnosis. Hence, only part of the story has been told;
the other part concerns how medical knowledge fits in these theories.

In medicine several different types of knowledge play a part in clinical problem solving [78, 75,
98]. Due to the rich variety of types of medical knowledge, medicine has always been a suitable
testbed for diagnostic reasoning research. In this section, we briefly describe the types of knowledge
distinguished in the domain.

Medical textbooks like Harrison’s Principles of Internal Medicine, [51], devote much space to de-
scribing the pathophysiological mechanisms underlying disease processes, i.e. disease processes are
explained in terms of abnormal functional behaviour of organ systems. Sometimes, concise approx-
imate mathematical models of normal or pathologically changed organ systems are available in the
biomedical literature, but physicians generally prefer to discuss disorders in qualitative, often causal
terms. As discussed above, the potentials of causal knowledge to act as a basis for diagnostic systems
were already recognised in the context of the CASNET project [127]. The early probabilistic systems
based on the independence form of Bayes’ rule may also be viewed as encoding a very restricted
type of causal knowledge. With the advent of abduction for qualitative causal models and Bayesian-
network methods, neat formal methods for building diagnostic systems are now available for medical
domains in which causal knowledge predominates.

Taxonomic principles also plays a role in the organisation of medical knowledge. Disorders are
usually grouped as disorder categories; such hierarchical disorder organisations seem to help the clin-
ician in coping with the enormous complexity of the medical domain. For example, in diagnosing
jaundice of hepatobiliary origin, a clinician first tries to determine whether the disease affects the
liver cells or the biliary tract. Assuming that the liver cells are damaged, the next step is to establish
whether the disorder of the liver is acute or chronic in nature. It is well-known that such hierarchical
structures may be quite effective for focusing problem solving in diagnostic systems [89].

Knowledge of the structure of the human body, i.e. anatomical knowledge, is of significant im-
portance in a number of medical fields, such as surgery and neurology. Neurologists, for instance,
use their in-depth knowledge of the structure of the peripheral and central nervous system in the diag-
nostic process all the time. LOCALIZE is an early diagnostic system that assisted in the diagnosis of
damage to the peripheral nervous system [32]. In domains like neurology and surgery, knowledge of
anatomical relationships will be almost always helpful in diagnostic problem solving [123]

Finally, time is also an important parameter in diagnostic problem solving in medicine. There are
many disorders that are almost exclusively characterised by the time course of particular associated
signs. A classical example is untreated lobar pneumonia, in which fever and other signs reach a cli-
max, called the ‘crisis’, after several days, after which the condition of the patient suddenly improves.
Nowadays, antibiotic treatment is instilled early in the disease process, and the typical temporal pat-
tern is not longer observed. The notion of ‘crisis’ has even disappeared from recent medical textbooks.
The time-dependent variations in levels of substances in blood are important sources of clinically rel-
evant temporal patterns of disease, used in the modern process of diagnosis.

In model-based diagnosis in medicine, the types of knowledge mentioned above act as a basis for
problem solving. Although empirical knowledge and clinical intuition remain extremely important in
daily clinical practice, there is a general tendency in the medical community to delve deeper into the
origins of disease. Hence, the increased interest of artificial intelligence researchers for model-based
approaches is parallelled by similar interests in medicine as a whole.
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2.2 Prognostic systems in medicine

2.2.1 Prognosis and outcome

In arguing about the trade-offs between costs and benefits of a particular medical procedure, knowl-
edge of what is going to happen in the future with a patient and the associated environment is of
major importance. Hence, patient management increasingly involves prediction of future events, i.e.
prognosis. At the same time, as a consequence of the impact of Evidence-Based Medicine on daily
practice, the physicians’ tasks are gradually becoming more difficult. They are increasingly expected
to be familiar with recent developments in their field of expertise, and to be able to balance the efficacy
of novel tests and therapies against already established interventions. Obviously, here might lie a role
for computer-aided decision support in the clinic. In fact, prognostic models already constitute, albeit
sometimes implicitly, an integral part of a number of modern computer systems for diagnosis and
treatment selection. In addition to their potential to improve the clinical management of the individual
patient, prognostic models are used in a number of other ways as well. For example, a prognostic
model may comprise a tool to assess the health state of patient groups, or be used to select patient
cases for entering a clinical trial [91].

One of the main problems from the viewpoint of the model-based and qualitative reasoning prac-
titioner concerns the suitability of a particular technique for building a prognostic model. Some
thoughts are devoted to this important topic in the following.

2.2.2 Representation and construction of prognostic models

Various methods have been suggested for the representation of prognostic models, ranging from quan-
titative and probabilistic approaches to symbolic and qualitative ones. Although the notion of time
seems to be a central issue in prognostic models, often time is only implicitly represented in order to
keep such models manageable, both computationally and from the viewpoint of model construction.

Prognostic models can either be constructed by hand, with the help of human experts, or auto-
matically, based on information extracted from databases. Often, the logical structure of a prognostic
model is elucidated with the help of a domain expert, whereas underlying numerical information, like
probabilistic information, is obtained from a database, yielding a semi-automatic model-construction
method. Prognostic methods have been developed and studied both in the fields of decision analysis
and statistics and in artificial intelligence (where we find the model-based and qualitative-reasoning
approaches).

2.2.3 Traditional approaches: decision analysis and statistics

In the field of decision analysis it is assumed that rational decision making is accomplished according
to the rules of mathematical decision theory, as developed in the 1940s by J. von Neumann and O.
Morgenstern [125]. Decision theory is based on probability theory with utility theory; a rational
decision or action is a decision that maximises expected utility, i.e. a utility in which uncertainties with
respect to the outcomes of the decisions have been incorporated. Decision analysis is traditionally the
field concerned with prognosis, because knowledge of possible future events is obviously important
in selecting the best actions.

Decision trees The most popular tool to express sequential decision making is the decision tree
(see the first four parts of the tutorial in [124]). Such a tree, with its root drawn to the left and
leaves drawn to the right, offers an explicit representation of the relevant decisions and outcomes
ordered according to progress of time. Every path in a decision tree from its root to a leaf, called
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0.3
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Figure 4: A simple decision tree.

a strategy, represents a potential course of events and actions. Because irrelevant strategies may be
pruned according to the rules of decision theory, only strategies considered worth decision-analytic
exploration need be represented (if irrelevant strategies were specified, they would be pruned anyway),
which is a major advantage of the formalism.

Figure 4 provides an example of a decision tree that describes two possible actions (surgical or
medical therapy) associated with the decision variable ‘therapy’ (rectangular node), with as outcome
the chance variable ‘cure’ (circular node), denoting whether the patient is cured from the disease
or not. Associated with a chance node is a probability distribution, conditioned on the variables on
the path from the root to the associated node; for example, the number 0.9 is associated with the
conditional probability Pr(cure = yes |therapy = surgical). The leaves of the decision tree are
labelled with utility function values, which in this case represent life expectancy. Following the rules
of decision theory, it is possible to determine a therapy that maximises life expectancy (here the
decision is to operate yielding life expectancy equal to 18.2 year) [113, 102].

Restricted probabilistic models A decision tree usually incorporates probabilistic information,
but these probabilities would be typically derived from an external probability model, such as rep-
resented by Bayes’ rule or logistic regression equations. For example Figure 4 incorporates the
probability Pr(cure = yes | therapy = surgical ), but if we would like to know the probability
Pr(therapy = surgical | cure = yes) (which percentage of patients who have been cured, have had
surgery), the probabilities Pr(cure = yes) and Pr(therapy = surgical) would be required, because,

10



according to Bayes’ rule,

Pr(therapy = surgical | cure = yes) =

Pr(cure = yes | therapy = surgical) Pr(therapy = surgical )

Pr(cure = yes)

These probabilities would be available in an external probability model. The advantage of this is that
when the structure of a decision tree changes, it is not always necessary to reconsult the database to
compute new probabilistic information matching this new structure. Both Bayes’ rule and logistic
regression equations allow the interpretation of new information in light of current knowledge. In the
decision-theoretic approach, such probabilistic models often reflect the prognostic part of a problem,
but part may also be diagnostic in nature. A purely probabilistic approach may also be feasible in
certain circumstances; then, logistic regression equations are still the models most popular for clinical
decision support [38, 115]. For example, the APACHE III [66] scoring rule is used to predict life
expectancy of intensive care patients based on the categories physiological measurements, age and
previous health status. A score is given to each of these categories (based on a direct look-up table,
for example an age above 75 corresponds to 6 points) and used in a linear equation to compute a
summarising score. Logistic regression has proved its suitability in many domains but, it falls short
once its assumptions, such as those concerning stochastic (in)dependencies or absence of induced de-
pendencies among variables, are not met in practice. Logistic regression equations also rarely survive
transfer to centres different from those where the data used for their construction were collected [114].

Markov processes Often it is difficult to calculate an expected outcome, for example calculat-
ing life expectancy when disease-specific mortality depends on age or when a decision may affect
the complete future course of a patient’s life. In these situations it is important to use an explicit
representation of the history of a disease which includes the notion of time. A Markov process pro-
vides such a notion. Its representation consists of nodes, denoting states of the patient, and edges,
denoting transitions between states within a period of time, called the model cycle, along with the
transition probabilities. It is also possible to represent the effects of various actions on future states,
together with immediate rewards when reaching a particular state, yielding a formalism that is known
as Markov Decision Processes (MDP) [99]. When uncertainty is allowed with respect to the actual
state of a system, for example because only part of the state is observable, an MDP is called a Par-
tially Observable Markov Decision Process (POMDP) [74]. While in an MDP the problem is to find
optimal sequences of actions given state transitions, in a POMDP optimal action sequences are sought
with respect to probability distributions over the states.

Although the MDP formalism offers a very general and unrestrictive formalism for representing
prognostic information including the effects of actions, it is assumed that the Markov property holds,
i.e. it is assumed that the present state (of the patient or disease) no matter how it is arrived at, entirely
determines the next state. Hence, only a small portion of the entire history is taken into account
in decision making. This is not true for POMDPs, for which the entire history must be taken into
account, which renders the formalism computationally expensive. An application of POMDPs to
medical decision making is described in [42].

There are various algorithm in use in connection with Markov processes, varying from exact
algebraic algorithms and dynamic programming algorithms to stochastic simulation algorithms [99].

As an example of a Markov process consider Figure 5. A patient in health state S1 has probability
of 0.95 to stay in S1 after one year (assuming this is the model cycle), a probability of 0.04 to enter
S2, and probability of 0.01 to die. This model can be easily simulated by a computer to calculate the
life expectancy of say 100 patients and then calculating the average life expectancy. Moreover, one
can modify the probabilities within a certain simulation to account for effects of ageing on mortality.
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Figure 5: A simple Markov process model.

For example, if during a simulation a patient stays for 5 time units in S2 (i.e. becomes five years older)
one may increase the probability of death.

2.2.4 Model-based methods

In recent years several methods and techniques from the field of Artificial Intelligence have been in-
troduced into patient management; in some of them prognostic knowledge is represented explicitly,
whereas in others only implicitly. Usually, diagnostic systems do not contain any prognostic knowl-
edge, although this simplification may not always be justified. Characteristics of prognostic models
from the field of Artificial Intelligence include the explicit representation of domain models, which
are often (partially) constructed by automated learning, and automated reasoning with the models.

Explicit representation of knowledge facilitates flexible reasoning and, when organised properly,
supports knowledge reuse [1]. When domain knowledge is represented explicitly, emphasis is put
on semantic concepts, such as notions of space, time and causality. Typical examples are models
of human anatomy, (patho)physiology and biochemistry. Both anatomical and causal models have
mainly been used in the field of medical diagnosis [75]. Anatomical knowledge can be very useful
to localise causes of malfunction, in particular in neurology [20]. But such knowledge seems to have
less relevance in the construction of prognostic models than causal knowledge, which additionally
may also incorporate the notion of time explicitly. A typical example of the application of a quali-
tative prediction model for the purpose of diagnosis has been realised in the KARDIO system [15].
Basically, KARDIO’s knowledge base consists of a logical formalisation of a qualitative simulation
model of the (normal and abnormal) electrical activity of the heart. The predictive model can be trig-
gered by the assumption of the presence of a particular (combination of) cardiac arrhythmias in the
patient. This sets up a chain of events, finally leading to a collection of findings which represents an
electrocardiogram (ECG), corresponding to the cardiac arrhythmias assumed to be present.

Where in a KARDIO-like approach, causally directed knowledge is used to obtain a predictive
model, (patho)physiological models usually consist of algebraic equations. In such equations, some
of the variables can be measured in the patient, and others must be derived from the known variables
based on the equations. Such models can be applied in anaesthesiology in monitoring and controlling
the physiological state of patients undergoing surgery. Qualitative reasoning is the AI field tradi-
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Figure 6: General structure of a prognostic Bayesian network; each box denotes a part of the network.

tionally concerned with the specification of, and reasoning with, such models. For example, in the
QSIM approach proposed by B.J. Kuipers, the time-dependent variation in the value of a variable is
approximated by the notion of qualitative state [71]. Probabilistic AI models, for example based on
Bayesian belief networks, also yield explicit representations of a domain. It often is possible to at-
tach some causal interpretation to such models. They are very suitable for integration with traditional
decision-theoretic methods (see below).

Model-based approaches as mentioned above have the potential to facilitate the development of
knowledge-based systems, because the medical domain models can be (partially) obtained from the
medical literature. When model construction is hard, less explicit domain models have been studied
such as the use of case-based representations and its combination with more explicit domain models.

Unlike traditional statistical methods where the (mathematical) structure of models is given and
probabilistic information is learnt from data, a characteristic of model-based approaches is that the
structure of models can be learnt automatically. Machine learning (ML) is the field concerned with
both learning structure and contents of (prognostic) models. Nevertheless, construction of the struc-
ture of prognostic models by hand is still the major development methodology. In ML, prognostic
problems are often cast as classification problems. Automated learning usually implies a great deal of
search in the hypothesis space defined by all possible models that attempt to explain the data given.
Hypothesis spaces can be exponential in size and often infinite, therefore efficient ML techniques
exploit an organisation of this space, often a hierarchical one, to focus search and avoid useless con-
siderations of unattractive hypotheses.

A Bayesian network offers a model-based approach to the development of prognostic models,
integrating qualitative, model-based approaches and statistics (See Figure 7). Bayesian networks are
increasingly used in clinical medicine. As knowledge of the future is inherently uncertain, in prognos-
tic reasoning uncertainty is even more predominant than in diagnostic reasoning. Another prominent
feature of prognostic reasoning when compared to diagnostic reasoning is the exploitation of knowl-
edge about the evolution of processes over time. Even if temporal knowledge is not represented
explicitly, prognostic Bayesian networks still have a clear general temporal structure, which is de-
picted schematically in Figure 6. The outcome predicted for a specific patient is generally influenced
by the particular sequence of treatment actions to be performed, which in turn may depend on the
information that is available about the patient before the treatment is started. The outcome is often
also influenced by progress of the underlying disease itself.

Formally, a prognosis may be defined as a probability distribution

Pr(Outcome | E , T )

where E again is the available patient data, including symptoms, signs and test results, and T denotes
a selected sequence of treatment actions. The outcome of interest may be expressed by a single
variable, for example modelling life expectancy. The outcome of interest, however, may be more
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Figure 7: A prognostic Bayesian network that predicts the consequences of smoking.

complex, modelling not just length of life but also various aspects pertaining to quality of life. A
subset of variables may then be used to express the outcome. An example is shown in Figure 7.

Prognostic Bayesian networks are a rather new development in medicine. Only recently have
researchers started to develop such networks, for example in the areas of oncology [36, 77] and
infectious disease [9, 82]. There is little experience as yet with integrating ideas from, for exam-
ple, traditional survival analysis into Bayesian networks. Given the importance of prognostication in
health-care, it is to be expected, however, that more prognostic networks will be developed in the near
future.

2.2.5 Clinical usefulness

In the previous section, a large number of different techniques, all used in the development of prog-
nostic models, have been discussed. Each of these techniques has its own virtues and limitations, and,
obviously, it is not an easy matter to decide which technique is most suitable for developing a par-
ticular application. However, independent of the particular technique employed, there are a number
of features a model should possess in order to qualify as being potentially clinically useful, although
these features have no universal significance. A number of these features will be discussed below.

The development of an accurate prognostic model usually takes a great deal of time. With respect
to the universality of models, it would, therefore, be a waste of time and effort if such models could not
be transfered to other clinical centres than the centre for which the model was developed. Prognostic
models that may survive such transfer are called robust: slight changes to the environment in which
a prognostic model is employed, or slight changes to its contents, will not have a major effect on its
level of performance. Techniques that allow incorporating explicit domain knowledge frequently yield
models that are more robust, and thus can be transferred to other centres of clinical care. Prognostic
models should also be easy to use and understand by clinicians. Again, model-based techniques tend
to have this virtue, although constructing explicit domain models may be very time consuming, which
is a major disadvantage of model-based techniques. Logistic regression equations do not give any
insight into underlying disease mechanisms, but are still very popular in medical research, possibly
due to their simplicity and the long period of time they have been around. Of course, variables that
are routinely available, or easily obtainable, should be included in a prognostic model if relevant, and
this may also promote the use of explicit models.
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Figure 8: General structure of an influence diagram, including a prognostic Bayesian network and a
utility node U ; each ellipse and box denotes a part of the diagram.

Prognostic modelling has a long-standing tradition in the fields of decision analysis and statistics,
and an increasing number of specific prognostic models is being developed in Medicine. On the other
hand, it has been noticed that many of these prognostic models are seldom used in clinical practice
[130]. A possible explanation for this phenomenon may be that many prognostic models have little
semantic relationship with the clinical domain. A model-based approach to prediction and prognosis,
as advocated in AI, may offer advantages in this respect, by offering more natural and intuitively
attractive tools for decision support.

The construction of prognostic models is usually carried out using information extracted from
clinical databases. Therefore, research in particular in machine learning seems to provide opportuni-
ties for automatically learning these expressive models. Unfortunately, clinical databases of sufficient
size and reliability, filled with data from studies with rigorous patient follow-up, are still not widely
available.

2.3 Treatment selection in medicine

The formalism of Bayesian networks provides only for capturing a set of random variables and a joint
probability distribution over them. A Bayesian network therefore allows only for probabilistic rea-
soning, as in establishing a diagnosis for a specific patient and in making a prediction of the effects
of treatment. For making decisions, as in deciding upon the most appropriate treatment alternative for
a specific patient, the network formalism does not provide. Reasoning about treatment alternatives,
however, involves reasoning about the effects to be expected from the different alternatives. It thus
involves diagnostic reasoning and, even more prominently, prognostic reasoning. To provide for se-
lecting an optimal treatment, a Bayesian network and its associated reasoning algorithms are therefore
often embedded in a decision-support system that offers the necessary constructs from decision the-
ory to select an optimal treatment given the predictions [9, 77]. Alternatively, the Bayesian-network
formalism can be extended to include knowledge about decisions and preferences. An example of
such an extended formalism is the influence-diagram formalism [108]. Like a Bayesian network, an
influence diagram includes an acyclic directed graph. In this graph, the set of nodes is partitioned
into a set of probabilistic nodes modelling random variables, a set of decision nodes modelling the
various different treatment alternatives, and a value node modelling the preferences involved. Influ-
ence diagrams for treatment selection once again have a clear general structure, which is depicted
schematically in Figure 8.
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2.4 Qualitative modelling and simulation in bioinformatics

2.4.1 Challenges to molecular biology

One of the remarkable characteristics of molecular biology today is the upscaling of its experimen-
tal methods to the genomic level. Hardly imaginable only 20 years ago, the sequencing of complete
genomes has become a routine job, highly automated and realised in a quasi-industrial environment
[41]. The miniaturisation of techniques for the hybridisation of labelled nucleic acids in solution to
DNA molecules attached to a surface has given rise to DNA chips, tools for measuring the level of
gene expression in a massively parallel way [73]. The development of proteomic methods based on
two-dimensional electrophoresis, mass spectrometry, and the double-hybrid system allows the identi-
fication of proteins and their interactions at the genomic level [92].

These new experimental methods generate enormous volumes of data on different aspects of the
cell. On the one hand, they identify the interactions between genes, proteins, metabolites, and other
molecules, defining the structure of biochemical networks. On the other hand, they measure the evo-
lution of the state of the cell, that is, the temporal variations in the concentration and the localisation of
the molecular components as a function of changes in environmental conditions. The major challenge
for what is called functional or systems biology consists in relating these structural and behavioural
data in order to obtain a global interpretation of the functioning of an organism [64]. The aim is to
predict and understand how the observed behaviour of an organism – the adaptation to its environ-
ment, the differentiation of cells during development, or even the evolution of the species in the long
run – can emerge from the whole of molecular interactions.

In addition to high-throughput experimental methods, mathematical and bioinformatical approaches
are indispensable for the analysis of biochemical networks. Given the large number of components of
most networks of biological interest, connected by positive and negative feedback loops inside and be-
tween cells, an intuitive comprehension of the spatiotemporal evolution of a system is often difficult,
if not impossible to obtain. Mathematical modelling supported by computer tools can contribute to the
analysis of a biochemical network by allowing the biologist to focus on a restricted number of plau-
sible hypotheses. The formulation of a mathematical model requires an explicit and non-ambiguous
description of the hypotheses being made on the regulatory mechanisms under study. Furthermore,
through analysis or simulation, the model yields predictions on the behaviour of the cell that can be
verified experimentally.

A variety of methods for the modelling and simulation of genetic, metabolic, and signal transduc-
tion networks have been proposed in the literature [53, 30, 39, 44, 84, 111]. The use of formal methods
to study biochemical networks is currently subject to two major constraints. First of all, the reaction
mechanisms underlying the interactions are usually not or incompletely known. This prevents the for-
mulation of detailed kinetic models, such as those developed for the genetic switch controlling phage
λ growth [85] or the feedback mechanisms regulating tryptophan synthesis in E. coli [106]. A second
constraint arises from the general absence of quantitative information on most kinetic parameters and
molecular concentrations. As a consequence, traditional methods for numerical analysis are difficult
to apply.

2.4.2 Qualitative reasoning and simulation

The above constraints have stimulated an interest in the modelling and simulation methods developed
within qualitative reasoning (QR) [128, 31], the first example probably being the qualitative models
of gene expression developed by Koile and Overton [67]. The basic idea of qualitative simulation
consists in the abstraction of a discrete description of a biochemical network from a continuous model,
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followed by the analysis of the discrete instead of continuous equations to draw conclusions about
the dynamics of the system. One of the best-known formalisms developed for this purpose are the
qualitative differential equations (QDEs) used in the simulation method QSIM [69, 71]. QDEs are
abstractions of ODEs of the form

dxi

dt
= fi(x), 1 ≤ i ≤ n, (1)

where x = [x1, . . . , xn]T and fi : R
n → R is a linear or nonlinear function. The variables x take

a qualitative value composed of a qualitative magnitude and direction. The qualitative magnitude of
a variable xi is a discrete abstraction of its real value, while the qualitative direction is the sign of its
derivative. The function fi is abstracted into a set of qualitative constraints which restrict the possible
qualitative values of the variables. Given an initial qualitative state, consisting of the qualitative values
for x at the initial time-point, the QSIM algorithm generates a tree of qualitative behaviours. Each
behaviour in the tree describes a possible sequence of state transitions from the initial state. It has
been proven that every qualitatively distinct behaviour of the ODE corresponds to a behaviour in the
tree generated from the QDE, although the reverse may not be true.

The incomplete understanding of many genetic regulatory mechanisms on the molecular level,
and the general absence of quantitative knowledge, has stimulated an interest in qualitative simulation
techniques. An example of their application is given by Heidtke and Schulze-Kremer [43]. Their case-
study concerns λ phage growth control in E. coli. The model consists of seven QDEs, representing
the different stages of λ phage growth as it follows either the lytic or lysogenic pathway. Each QDE
describes in detail the infected bacterium, including explicit representation of λ phages inside and
outside the cell, viral DNA, ribosomes, mRNA, and proteins, and the way in which they interact to
control major cellular events. For other examples of the application of qualitative reasoning methods
to the analysis of biochemical networks, see [6, 47, 122, 121]

2.4.3 Bayesian networks and the discovery of functional interactions

Bayesian networks are also being explored to bioinformatics applications. The insight obtained by
constructing Bayesian networks, in particular when done automatically by using one of the learning
methods, may yield scientifically useful results. As the topology of a Bayesian network can be inter-
preted as a representation of the uncertain interactions among variables, there is a growing interest in
bioinformatics to use Bayesian network for the unravelling of molecular mechanisms at the cellular
level. For example, finding interactions between genes based on experimentally obtained expression
data in microarrays is currently a significant research topic [35]. Biological data are often collected
over time; the analysis of the temporal patterns may reveal how the variables interact as a function of
time. This is a typical task undertaken in molecular biology. Bayesian networks are now also being
used for the analysis of such biological time series data [103].

2.4.4 Upscalability

A problem with existing qualitative simulation approaches is their limited upscalability. As a conse-
quence of the weak nature of qualitative constraints, and the difficulty to identify implicit constraints,
behaviour trees quickly grow out of bounds. This causes the range of application of the methods
to be limited to regulatory systems of modest size and complexity. Systems of even a few elements
related by positive and negative feedback loops cannot be handled, unless these systems have been
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Figure 9: Series C pacemaker.

so well-studied already that behaviour predictions can be tightly constrained. Since the early 1970s,
biomathematicians and theoretical biologists have studied a class of piecewise-linear linear differen-
tial equation models of genetic networks that put strong constraints on the (local) dynamics of the
system [57, 86, 112, 119]. By reframing the mathematical analysis of these models in a qualitative
simulation framework, using a simulation algorithm tailored to the equations, larger networks with
complex feedback loops can be treated [55, 56]. The resulting method has been implemented in
the computer tool Genetic Network Analyzer (GNA), and has been applied to the simulation of the
initiation of sporulation in B. subtilis [54, 40].

Extensions of qualitative simulation methods allow weak numerical information in the form of
interval bounds on the qualitative magnitude and direction of the variables, and numerical envelopes
around the functions fi, to be integrated in the simulation process [14]. This presents another way to
restrict the number of behaviours, while it may also refine the predictions of the remaining behaviours.
Heidtke and Schulze-Kremer [43] show how the conclusions of their model can be made more precise
by adding semi-quantitative information.

Much work in qualitative reasoning has focused on the automated composition of an appropriate
model of a system, given a user query, from a situation description and a domain knowledge base
[63]. One of the basic approaches towards automated modelling, qualitative process theory [33], has
been used by Karp in his method for the construction and revision of gene regulation models [60, 61,
62]. From a taxonomic knowledge base describing biological objects like strains of bacteria, genes,
enzymes, and amino acids, and a process knowledge base comprising a theory about biochemical
reactions, the program GENSIM predicts the outcome of a proposed experiment. If the predictions do
not match with the observations made while actually carrying out the experiment, then the program
HYPGENE generates hypotheses to explain the discrepancies. In particular, it revises assumptions
about the experimental conditions that GENSIM used to derive its predictions. The programs have
been able to partially reproduce the experimental reasoning underlying the discovery of the attenuation
mechanism regulating the synthesis of tryptophan in E. coli.

3 Model-based and qualitative reasoning methods in biomedical indus-
try and health-care

In this section, we describe a number of model-based and qualitative reasoning solutions that have
been developed in the context of biomedical research and health-care. It is not the purpose of this
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Figure 10: Pacemaker programmer.

section to be exhaustive, but rather to convey an impression about to what extent model-based and
qualitative-reasoning techniques are being explored in these areas. Selection of examples has mainly
been based on the availability of detailed information concerning the examples.

3.1 Reprogramming pacemakers

Vitatron, an international firm devoted to the production of heart pacemakers with headquarters lo-
cated in the Netherlands, has been working on model-based computer systems intended to assist car-
diologists in programming heart pacemakers.

A pacemaker consists of a can, which contains a microprocessor, a battery and an impulse genera-
tor. Impulses are transmitted to the heart by means of a lead, which is attached to the can’s connector.
A lead is either unipolar or bipolar; a unipolar lead contains one insulated coil, whereas a bipolar
lead contains two coils, separated by an inner insulation. An outer insulation shields a lead from the
environment. The tip of a lead, which contains an electrode, is implanted into the inner, endocardial
surface of the heart; the actual location depends on the type of pacemaker. The pacemaker can is
usually implanted in the pectoral region, with the lead running through the right subclavian vein to
the internal surface of the heart. An ample of a modern, advanced pacemaker is Vitatron’s series C
pacemaker (See Figure 9).

A pacemaker is programmed by means of a programmer, a computer with a special user interface
for data entry and display, and with special software to control an external magnet that communicates
with the pacemaker. Figure 10 shows an example of a pacemaker programmer. The magnet is placed
above the location of the pacemaker; information from the programmer to the pacemaker, and back,
is transmitted by means of telemetry.

Researchers of Vitatron together with researchers now at the University of Nijmegen have con-
structed an extensive causal model that integrates pacemaker malfunctioning of the Diamond II pace-
maker and resulting signs and symptoms in the patient [81]. The purpose of this system was to deliver
decision support to cardiologists who wish to (re)programme a patient’s pacemaker. Using abductive
diagnosis, as described in Section 2.1.2, as a basic techniques a prototype system has been developed
using David Poole’s Theorist system [97]. A simpler version of the system was introduced in 2003
for use in conjunction with the recently introduced, more advanced in comparison to the Diamond II,
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Figure 11: Therapy Advisor start-up screen with status information.

series C pacemaker [83]. This system is called the Therapy Advisor.
The Therapy Advisor is an integral part of the pacemaker-programmer (cf. Figure 10) software

that is used at the pacemaker follow-up procedure. The first step of a follow-up that involves the
programmer is the acquisition of pacemaker data. Secondly, the Therapy Advisor is activated after
which the start-up screen, called the status screen, is presented to the user (cf. Figure 11). It displays
the lead recordings of an ECG, the overall status of the pacemaker; at the lower part of the screen,
messages generated by the Therapy Advisor are presented. The messages shown here are general in
nature. A distinction is made between the following types of messages:

• pacemaker technical problems that result in the entire loss of diagnostics, e.g. pacemaker reset
and battery depletion;

• pacemaker-patient interface problems. These problems arise when the technical pacemaker
parameters, e.g. sensitivity or rate response, are not correctly aligned with the patient’s needs
and usually render parts of the diagnostics unreliable, e.g. far field R-waves distorted atrial
sensing;

• clinical causes, possibly related to complaints or deterioration (e.g. atrial fibrillation and retro-
grade conduction);

• clinical effects, possibly related to complaints or deterioration (e.g. fast ventricular rhythm and
low AV synchrony).

A separate screen is available to the user for more detail about the detected irregularities. This detailed
information can consist of an explanation of the diagnostic observations, characterisation of the clini-
cal cause (e.g. atrial fibrillation), therapy parameter advice, technical parameter advice and diagnostic
parameter advice (cf. Figure 12).
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Figure 12: Therapy Advisor screen with advice.

The inference algorithm treats the model underlying the system as a forest of trees, where each
tree can be interpreted as part of the definition of an evidence function e as discussed above. During
problem solving, a search algorithm, implemented in C++, traverses the trees sequentially using the
data from the pacemaker. As the main motivation for incorporating the Therapy Advisor into the
pacemaker programmer software was to reduce time needed for follow-up, all data interpreted by
the system come from the pacemaker. This also implies that information that is not available to the
pacemaker, e.g. information obtained from the medical interview with the patient, is currently not
taken into account by the Therapy Advisor in generating recommendations.

3.2 Challenging QR research issues in electrocardiology

Electrocardiology is a stimulating and promising application domain for qualitative and model-based
reasoning research. Much of the research effort has been so far aimed at the automated interpretation
of electrocardiograms (ECGs), for which the interpretative rationale is well established. However, a
major drawback of ECGs, which record electrical signals from nine sites only on the body surface, is
their poor spatial coverage. Some arrhythmias, in addition to conduction anomalies caused by infarcts
and ischaemia, can be missed by an ECG.

Thanks to the latest advances in technology, a far more informative technique, namely body sur-
face mapping (BSM), is becoming more widely available. In BSM, the electric potential is measured
over the entire chest surface, and more spatial information about the heart electric activity is available,
though the ability to relate visual features to the underlying complex phenomena still belongs to very
few experts [116]. Besides body surface maps, also epicardial or endocardial maps are becoming
available, either measured or obtained non invasively from body surface data through mathematical
inverse procedures. These kinds of maps are the most precise in locating the anomalous conduction
sites [21].
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While a rationale for the interpretation of electrocardiographic maps is progressively being de-
fined, the goal of bringing such techniques into the clinical practice is getting closer. In this context,
an important role can be played by QR methodologies for spatial/temporal reasoning, that could: (1)
support the expert electrocardiologist in identifying salient features in the maps and help him in the
definition of an interpretative rationale, and (2) achieve the long-term goal of completely automating
map interpretation to be used in a clinical context. The delivery of such a tool would be of great
impact on health care as the interpretation of cardiac potential maps gathered by endocavitary probes
is essential for the localisation of the ectopic sites associated with ventricular arrhythmia.

At the current status of research, map interpretation mainly deals with activation isochronous
maps and sequences of isopotential maps. The former ones deliver a lot of information about the
wavefront propagation: each contour line aggregates all and none but the points that share the same
excitation state, and subsequent increasing isocurves are nothing but subsequent snapshots of the trav-
elling wavefront; whereas the latter ones give temporal information about electric phenomena, such
as current inflows and outflows. The interpretation of activation isochronous maps currently grounds
on features such as contour shapes, the directions along which the front velocity is higher, minimum
and maximum regions. The contour shapes and highest velocity directions reflect the conduction
anisotropy, and the fibre architecture. Minimum and maximum correspond to the points where the
front emerges and extinguishes, respectively. Such features can be correlated to the expected activa-
tion sequence, and used in a diagnostic context: deviations from the expected patterns would highlight
ectopic sites associated with ventricular arrhythmias.

Conventional contouring tools would allow us to efficiently visualise patterns of electric potential
distribution but they do not facilitate the automated extraction of general rules to infer the correlation
between pathopysiological patterns and wavefront structure and propagation. The Spatial Aggrega-
tion (SA) approach [10, 46], aiming at interpreting a numeric input field, is potentially capable of
capturing structural information about the underlying physical phenomenon, to identify its global pat-
terns and the causal relations between events. These characteristics are due to its hierarchical strategy
in aggregating objects at higher and higher levels. However, when dealing with complex domain
geometry and/or with non uniform data meshes, as in this context, the original version of SA may
unsoundly perform contouring: isocurve entanglement and/or segmentation phenomena may occur
due to metric-based adjacency relations and a scarce density of isopoints.

As robust contouring is a must in view of the identification and extraction of salient features and
structural information about the underlying electrical phenomenon, a thorough revision and extension
of SA is necessary to deal with the 3D geometries of heart and chest, where data are given on the nodes
of non uniform quadrangular meshes: either planar 2D elements when transversal or longitudinal
sections of the myocardium are considered, or 3D surface elements when the epicardial surface is
explored.

Some work has still to be done to improve the robustness of SA as to the construction of isocurves
from a non-uniform numeric input field [49, 50] by providing new algorithms and definitions for
soundly building neighbourhood relations upon 2D complex domain geometry. This is a meaning-
ful result from our application point of view as 3D processes are suitably studied also by transver-
sal/longitudinal sections of the 3D domain. It will allow us to identify and define spatial relations
between isocurves, as well as between possible higher-level aggregated objects. Such relations should
reveal adjacency and interactions between the spatial objects, and, then, underlie the feature extraction
process.
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3.3 A model-based approach for learning to identify cardiac arrhythmias

The aim of this work was to provide an integrated framework enabling the input signal analysis, to
guarantee early detection of abnormal situations and to provide helpful characterisations of arrhyth-
mia disorders by relying on medical knowledge [18]. The main contribution is to integrate temporal
abstraction and diagnosis techniques. The approach can be described in two steps (see Figure 13): the
first one is done off-line and the aim is to build a set of high-level symbolic characterisations of the
cardiac arrhythmias [100, 126]. The second one is an on-line step which is in charge of analysing the
signal and identifying arrhythmias by matching the symbolic representation of the signal to prestored
characterisations.

The off-line step relies on automatic learning techniques and its aim is to extract the most discrim-
inating patterns which can identify normal and pathological ECGs. These patterns, named chronicles,
are sets of temporally constrained events. The learning step relies on inductive logic programming
(ILP) techniques which have led to the discovery of interesting knowledge in several scientific do-
mains such as biology or (pharmaceutical) chemistry [90]. The tool chosen for experimentation is
the ICL system [101]. It makes use of learning examples (see number 4, Fig. 13) which are either
real signals (like the labelled ECG signals from the MIT-BIH database [88]) or signals obtained by
simulating arrhythmias on the Carmen [45] cardiac model (number 3, Figure 13).

The on-line part includes the temporal abstraction module (number 1, Figure 13), based mainly on
signal processing and classification tools, which outputs the symbolic representation of the analysed
signals in terms of time-stamped events, and the chronicle recognition module (number 2 in Figure
13) which analyses the stream of events and identifies arrhythmia disorders by detecting characteristic
patterns. The temporal abstraction module is in charge of analysing multiple ECG signals. Chronicle
recognition consists in skimming the flow of events coming from an observed process and detecting
the specific events that belong to a chronicle [29]. This process is very similar to pattern-matching
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begin(model(mobitz2_231_1)).
mobitz2.

p_wave(p1, 124, normal, noPreWave).
qrs_complex(r1, 295 , normal, p1).
p_wave(p2, 968, normal, r1).
p_wave(p3, 1812, normal, p2).
qrs_complex(r2, 1967 , normal, p3).
p_wave(p4, 2687, normal, r2).
p_wave(p5, 3523, normal, p4).
qrs_complex(r3, 3669 , normal, p5).
p_wave(p6, 4306, normal, r3).
p_wave(p7, 5159, normal, p6).
qrs_complex(r4, 5335 , normal, p7).
p_wave(p8, 6030, normal, r4).
p_wave(p9, 6869, normal, p8).
qrs_complex(r5, 7034 , normal, p9).

end(model(mobitz2_231_1)).

Figure 14: A Mobitz type II arrhythmia ECG and its description as an ICL example.
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class(bigeminy) :- % [15, 0, 0, 0, 0]
qrs(R0, abnormal, _),
p_wav(P1, normal, R0), qrs(R1, normal, P1),
qrs(R2, abnormal, R1), rr1(R1, R2, short).

class(bigeminy) :- %[5, 0, 0, 0, 0]
qrs(R0, normal, _),
p_wav(P1, normal, R0), qrs(R1, abnormal, P1).

class(lbbb) :- % [0, 20, 0, 0, 0]
qrs(R0, abnormal, _),
p_wav(P1, normal, R0), qrs(R1, abnormal, P1).

class(mobitz2) :-% [0, 0, 17, 0, 0]
p_wav(P0, normal, _), equal(P0, R0),
p_wav(P1, normal, R0), qrs(R1, normal, P1).

class(mobitz2) :-,%[0, 0, 3, 0, 0]
p_wav(P0, normal, _), equal(P0, R0),
p_wav(P1, normal, R0), qrs(R1, abnormal, P1).

class(pvc) :-%[0, 0, 0, 0, 20]
p_wav(P0, normal, _), qrs(R0, normal, P0),
p_wav(P1, normal, R0), qrs(R1, normal, P1),
qrs(R2, abnormal, R1), rr1(R1, R2, normal).

class(normal) :-% [0, 0, 0, 19, 4]
p_wav(P0, normal, _), qrs(R0, normal, P0),
p_wav(P1, normal, R0), qrs(R1, normal, P1),
p_wav(P2, normal, R1), qrs(R2, normal, P2),
p_wav(P3, normal, R2), qrs(R3, normal, P3),
p_wav(P4, normal, R3).

Figure 15: Examples of rules learned with ICL for five classes of arrhythmias.

associated with temporal constraint satisfaction.
Some new issues are currently investigated. Firstly, the work is extended to cope with multiple

sources of information (multichannels and multisensors) in order to improve the robustness of signal
detection and especially P wave detection. Secondly, it appears important to study a hierarchical
recognition task. This consists in relying on the easily detectable subparts of the signal (like the QRS
complexes) as long as they are sufficient and triggering a focussed analysis (to detect the P wave
for instance) only when it is needed. It means developing a strong connection between the temporal
abstraction module and the chronicle recognition tool, the second driving the first.

The system was initially developed in order to improve early arrhythmia detection in the ICCU
context but concerns several application domains. For instance, it can be interesting in the context
of external ambulatory systems (Holters) as well as that of implantable cardiac devices. In this latter
case, the fact that the system can adapt to the characteristics of each patient by learning the detection
thresholds, for instance, is clearly a very positive point. Another important feature is the automatic ac-
quisition of expertise. Due to technological advances in signal acquisition (new sensors for instance),
clinicians have to rapidly update their current expertise to efficiently interpret these new data. The
approach does not rely on this human expertise and the learning module is well suited to acquire a
new set of signatures on these new signals. For instance, it could be applied to active cardiac devices
which have recently been proposed and which rely on leads located in both ventricles. These new de-
vices can tackle both rhythmic and hemodynamic disorders and the signatures, which are still poorly
known, can be acquired by an automatic learning method.
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3.4 Qualitative reasoning for the modelling of metabolic systems

The prediction of the evolution over time of the patient’s state plays a crucial role both in a diagnostic
and therapeutic medical context. A traditional way to approach such a problem deals with both the
formulation of mathematical models of the dynamics of patho-physiological systems and the simu-
lation of their behaviour [19]. Such models, which are generally described by Ordinary Differential
Equations (ODE), are computationally tractable with classical methods which allow us to derive, ei-
ther analytically or numerically, meaningful predictions of the behaviour of the considered system.
But, for the medical domain as for many other physical domains, quantitative model formulation may
be not successfully applicable due to the incompleteness of the available knowledge about either the
functional relationships between variables or the numerical values of model parameters, which could
be non identifiable both for the lack of adequate experimental settings and for the impossibility of
measuring ‘in vivo’ the values of a few variables. Qualitative modeling methods are capable to cope
with difficulties in model building in presence of incomplete knowledge [71]. But, whereas qualita-
tive predictions of a patho-physiological system behaviour may be properly exploited in the testing
phase of diagnostic reasoning [48], they are almost always inadequate to be used in a therapy planning
context as the effects of different therapies are requested to be deeply investigated at a quantitative
level.

As alternative to conventional mathematical modeling frameworks, the so-called input-output ap-
proaches, that are able to describe the dynamics of a real system from input-output data, have been
proposed. Neural networks, multi-variate splines and fuzzy logic systems are the best known approx-
imation schemes used for learning an input-output relation from data. Although these approaches are
successfully applied to a variety of domains, they are affected by two main drawbacks that are partic-
ularly serious in medicine: first, the identification result, a non-linear function, does not capture any
structural knowledge; second, the model identification procedure usually requires a large amount of
data and is often extremely inefficient. In practice, such methods fail when the experimental data set
is poor either in size or in quality. Such a situation is not rare in the case of metabolic systems as they
are very often characterized by an intrinsic difficulty in performing experiments and in measuring the
variables of interest.

Qualitative Reasoning may effectively be integrated with classical input-output approaches to
solve the problems above in a great deal of situations: pathophysiological knowledge is very often
available even if insufficient to formulate a quantitative model, and it could be conveniently embedded
into a fuzzy identifier. FS-QM [11] is a hybrid approach which is half way between the structural and
input-output approach. It uses the outcomes of the simulation of a qualitative model to build a good
initialization of a fuzzy system identifier. Such an initialization allows us to efficiently cope with
both the incompleteness of knowledge and the inadequacy of the available data set, and to derive an
accurate input-output model of a great deal of metabolic systems also in data poor contexts where
conventional methods fail.

The resulting model which embeds pathopysiological knowledge provide an interpretative key of
the underlying mechanisms. The range of applicability of FS-QM to study metabolic systems is quite
large as shown by its application to study a dynamic pathological system in response to exogenous
perturbations, namely the blood glucose level in insulin-dependent diabetes mellitus patients in re-
sponse to insulin therapy and meal ingestion [13], and to successfully identify the nonlinear dynamics
of intracellular thiamine in the intestine tissue [12]. Let us observe that the classical compartmental
approch to metabolic system modeling revealed to be inapplicable to model the latter system for the
incompleteness of the available knowledge and for the difficulty of gathering an experimental data set
rich enough to guarantee the well-posedness of the parameter estimation procedure. The poor data set
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Figure 16: Global structure of the Bayesian-network model of VAP.

has been also responsible of the failure of input-output nonlinear regression approaches.
The quantitative assessment of different pathophysiological processes is often a necessary step

for an insightful interpretation of metabolic systems and for therapy planning. The integration of QR
techniques with conventional modeling approaches plays a key role towards the development of robust
and efficient quantitative modeling methods capable to deal with the complexity of the biomedical
systems.

3.5 Advice in the prescription of antibiotics

At the Intensive Care Unit in the University Medical Centre, Utrecht, work is going on in the de-
velopment of a decision-support system that is aimed at assisting clinicians in the prescription of
antibiotics to patients with ventilator-associated pneumonia (VAP) [82]. Patients admitted to an ICU
are often severely ill and usually must submit to a variety of invasive medical procedures; as a con-
sequence, these patients are generally more vulnerable to infectious diseases than healthy persons.
One of the most frequently occurring infectious diseases within ICUs is pneumonia, with reported
rates between 15% and 20% of all patients admitted. The decision-support system is currently im-
plemented in the ICU, where clinicians are using a clinical information system that fully replaces the
traditional paper records. The knowledge about VAP has been represented in a model-based fashion,
using Bayesian networks together with decision theory as basic technology. The global structure of
the model is shown in Figure 16. In particular, temporal causal knowledge has been used in developing
this Bayesian network.

A preliminary laboratory evaluation of the Bayesian network and decision-theoretic model has
been carried out, and yielded promising results [82]. However, one of the major problems in the
project has been the fact that VAP is not commonly recorded in C2000 by the ICU doctors, as VAP
is never the reason for admission to the ICU but a concomitant disease in mechanically ventilated
patients. In addition, there is not a single reliable gold standard for the diagnosis of VAP, and so the
only way to make progress was to have each patient being judged on having VAP or not by one of the
infectious disease experts. This has been taken into account in the design and implementation of the
decision-support system, which has been set up in such a fashion that it supports carrying out clinical
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trials.
The overall architecture of the present decision-support system is shown in Figure 17. The system

runs on a RedHat Linux server, which ensures that the decision-support system does not place extra
CPU and memory load on the C2000 clinical information system servers. Information from C2000
to the decision-support system is extracted from the Sybase back-end of C2000 by SQL scripts. A
PHP module takes care of the communication between C2000, Web clients (e.g. a Web browser used
by the doctors), and the Bayesian-network reasoning engine. Hence, the decision-support system
is accessible at every bed workstation from the C2000 graphical user-interface, and also from the
hospital’s intranet by those granted access to it.

Currently, the system is undergoing a clinical trial. The set-up of the study is as follows. Before
entering any information, the ICU doctor has to enter a clinical diagnosis and preferred antimicrobial
treatment. Subsequently, the doctor has to enter part of patient-specific information; most of the
information, however, is extracted from the C2000 patient records, and is simply presented to the
doctor. On the average in 50% of the cases, the doctor is given an advice concerning diagnosis and
treatment of the patient; in the remainder 50% no advice is given. The doctor is finally requested to
enter preferred diagnosis and treatment again, and arguments for changes from the first entry. This
set-up ensures that it is possible to filter out the Hawthorne effect, an effect on study outcome caused
by the circumstance that the medical doctors know that their performance is being measured [131].

4 Conclusions

Even though descriptions in papers and textbooks in biology and medicine are usually qualitative in
nature, at the moment only limited use is made of qualitative-reasoning technology in these fields.
One reason for this may be that qualitative-reasoning technology has originally been proposed within
the field of computing science, in particular artificial intelligence, and since the knowledge exchange
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between computing science and fields such as medical informatics, bioinformatics, biophysics, bio-
chemistry, biomedical statistics is not particularly strong, qualitative approaches to modelling have
only slowly penetrated into the biomedical fields. In addition, qualitative methods have to compete
with traditional, well-understood quantitative methods. Finally, only few researchers are familiar with
this technology. There is now a clear tendency in research to combine qualitative and quantitative
methods, and various examples of this have been discussed in this report. This may improve the
transfer of qualitative-reasoning technology to practitioners in the Life Sciences, also in the context
of model-based reasoning.

Researchers who are familiar with this technology are now increasingly exploring the use of
model-based and qualitative reasoning approaches to solve actual real-world biomedical problems;
some companies have also developed interest in the potential of these methods. An examples is
BAYESWARE1 , a firm that takes Bayesian-network technology as a basis for bioinformatics research.
Some Life Science companies are actively exploring model-based and qualitative-reasoning technol-
ogy as well.
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