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Two members of the MONET Executive committee welcomed

in the New Year by climbing Aconcagua in Argentina, January

2003. Capping the Andes range at 6,869 meters (22 8o0f), QR'03
Aconcagua is the highest
mountain in South America and
IS also the highest mountain
outside the Himalayas.

The ascent was hy Sermatech
Intelligent Applications
Managing Director, Rob Milne
from the UK and Louise Travé-
Massuyés of LAAS-CNRS of
France. The ascent of the
mountain took two weeks with
the round trip walk of about 115
kilometers. Base Camp was at
4,000m and two high camps
were used. The highest camp
was roughly the same height as the top of Kilimanjaro. Rob said, "It is like sleeping on top of Kilimanjaro (the highest mountain
in Africa), and then climbing Ben Nevis (the highest mountain in the UK), but doing it five vertical miles above sea level. The
biggest problem is the high winds (even worse than Scotland) and the cold temperatures. Between Base Camp and Camp 1, it
was necessary to cross several fields of Penitentes. This is a rare snow pattern where the snow melts into large pinnacles. Many
of them were taller than Louise.” (See photo above).

- httpi//monetaberac.uk  The MBS & QR Community
.
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Dr. Louise Travé-Massuyes

is a Research Director of the
Centre National de Recherche
Scientifique (CNRS), working at
LAAS, Toulouse, France, where
she has led the “Qualitative
Diagnosis, Supervision  and
Control” Group for several years.
Her main research interests are
in Qualitative and Model-Based
Reasoning and its application to
dynamic systems Supervision and Diagnosis. She has been
particularly active in bridging the Al and Control Engineering
Model-Based Diagnosis communities, as leader of the
BRIDGE Task Group of MONET. She has been responsible
for several industrial and european projects and published
more than 100 papers in international conference
proceedings and scientific  journals. Her current
responsibilities include; member of the IFAC SafeProcess
Technical Committee; member of the European Network of
Excellence MONET Steering Committee; member of the
French CNRS Network RTP 20 on "Diagnosis, Reliability and
Safety" Steering Committee. She is a Senior Member of the
IEEE Computer Society.

Louise has been mountain climbing for 16 years, living in
Toulouse, France, which is close to the Pyrénées
Mountains. Technical rock climbing, technical ice climbing,
mountain ski and mountaineering are among her activities.
She has climbed a big wall in Yosemite and several rock
routes in United-States, Sahara and Brasil. She participated
in expeditions around the world, climbing 6000m peaks in
the Andes; Ama Dablam (6812m) in the Himalayas, Nepal;
and recently Aconcagua (6962m) which is the highest peak
of the American continent. Closer to home, she has
climbed numerous technical routes in the French and
European mountains Pyrénées, Mont Blanc, Monte Rosa
and Oberland. Louise has three children who share her
rope on easy climbs.

Dr. Robert Milne is the founder
and Managing Director  of
Sermatech Intelligent Applications.
Since the company was founded
in 1986, it has focused on real
time, on line diagnostic systems
using Artificial Intelligence. The
company has  built  many
successful  diagnostics  systems
and received a Queen’s Award for
Technology for their successful
transition of research into industrial application. Currently the
company’s main product is Tiger, for real time gas turbine
condition monitoring. The system has won many awards and
is in use on 4 continents. Intelligent Applications was acquired
by Sermatech Power Solutions in early 2001. Rob has also
been a Director of the Scottish Software Federation for many
years, is the President of ECCAI, the European Coordinating
Committee for Artificial Intelligence, and is the Treasurer of
the British Computer Society’s specialist group on Artificial
Intelligence. He has a BSc in computer science from the
Massachusetts Institute of Technology and a PhD in Artificial
Intelligence from the University of Edinburgh.

Rob has been mountain climbing for 30 years, having grown
up in Colorado. His activities include technical rock climbing,
technical ice climbing and mountaineering. He has climbed
big walls in Yosemite, 14,000ft peaks in Colorado, 4000m
peaks in the Alps (including Mt. Blanc, The Matterhorn and
the north face of the Eiger). He has made first ascents of
mountains in Alaska and Pakistan and with Aconcagua has
been to the highest point on 4 of the continents. Others
include Mount McKinley, North America; Kilimanjaro, Africa;
and Carstensz Pyramid, Oceania. He has climbed all 284
peaks over 3,000ft in Scotland and recently co-authored
the guidebook to “The Corbetts”, peaks over 2,500ft in
Scotland.

Editorial

It has been a busy six months for the Project and the Task Groups. The four Domain Areas have produced Technological
Roadmaps and these have been incorporated into the Overall Roadmap for the Technologies, which is available online.
This document will identify the likely industrial developments of the technologies, as well as the improvements to the
technology that is needed to achieve the expected industrial development. Both will make a significant impact on the
projects the Network is engaging in, see Task Group Reports.

Two members of the MONET Steering Committee are also editing a Special Issue of Al Magazine, for the AAAI
organisation and this will contain articles covering all MONET areas. Al Magazine is a highly prestigious publication and
has the widest publication coverage worldwide of any magazine in this field.

MONET has continued its clustering activities with EUNITE - see the Bio-Medical Task Group Section for details. lain
Russell gave a presentation on MONET to the General Assembly Meeting of EUNITE in July 2003 in order to foster closer
links in the areas of Bio-Informatics and Bio-Medicine. The Bio-Medical Task Group organised a joint MONET - EUNITE
Workshop on Bio-Informatics (Chaired by George Coghill) at the same event.

Here in the Project Office we have been streamlining and updating the MONET website and the MONET Information
Resource. In addition to this, preparation for the forthcoming MONET Summer School in September is well under way, for
details see the centre pages. On a similar note, MONET has arranged for a student, Jose Alberto Maestro Prieto, from the
University of Valladolid to spend three months at the University of Wales, Aberystwyth under the direction of Professor Price.

- htp//monetaberacuk  The MBS & QR Community
.
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Learning Qualitative Metabolic Models.

George M. Coghill *

Abstract

The ability to learn a model of a system from obser-
vations of the system and background knowledge 1s
central to intelligence, and the automation of the
process 1s a key research goal of Artificial Intel-
ligence. We present a model-learning system, de-
veloped for application to scientific discovery prob-
lems, where the models are scientific hypotheses and
the observations are experiments. The learning sys-
tem, QOPH learns the structural relationships be-
tween the observed variables, known to be a hard
problem. QoPH has been shown capable of learn-
ing models with hidden (unmeasured) variables, un-
der different levels of noise, and from qualitative or
quantitative input data.

1 Introduction

The development of intelligent tools to aid in the
process of Scientific Discovery, particularly in the
construction of explanatory models, is an impor-
tant goal of AI; and qualitative modelling provides
an 1deal representation. This is the ultimate in
adaption, and a hybrid system merging Inductive
Logic Programming and Qualitative Simulation is
a suitable tool for acheiving it. Bioinformatics is
an ideal domain for applying this technology: the
data are sparse (making it unsuitable for numer-
ical techniques), they are noisy and they require
the construction of models which will inevitably in-
clude unobserved variables. Work on constructing
models of systems in molecular biology is in the
early stages of development and so, given the above
stated challenges any useful results emerging will be
of tremendous practical value.

The ultimate goal in this scientific quest is the
production of quantitative models; however, the
discovery of suitable structural models (qualitative
differential equations) can be the means of directing
the scientist as to which experiments to carry out
next in the path towards this goal. In this paper we
present QOPH a learning system which combines In-
ductive Logic Programming (ILP) with QSIM in or-

Science, Univer-

AB24 3UE.

Computing
Aberdeen

*Department  of
sity of Aberdeen,
gcoghill@csd.abdn.ac.uk

tDepartment of Computer Science, University of Wales,

Aberystwyth SY23 3DB. emai: {smg, rdk}@aber.ac.uk

email:

Simon M. Garrett

Ross D. King f

der to construct qualitative models of physical and
biological systems containing unmeasured variables.

2 Background

2.1 Qualitative Simulation

QSIM [8] is a constraint based qualitative simula-
tion engine and utilises an equational representa-
tion which is an abstraction of ordinary differen-
tial equations. It 1s the most highly developed con-
straint based Qualitative Reasoning (QR) system
available.

In QSIM, each model consists of a set of vari-
ables linked together via a set of constraints, called
a qualitative differential equation (QDE). Each vari-
able consists of a (gmag, qdir) pair. Here, gmag is
the qualitative magnitude of the variable. It has
a quantity space of varying resolution consisting of
alternating points (called landmark values) and in-
tervals; typically the quantity space is divided into
the regions [—oo...0),[0],(0...00], where infinity
is treated as a value. A q¢dir is the qualitative rate
of change of the variable, which has a fixed, three
valued resolution (the three quantities being inc, for
increasing; dec, for decreasing; and std, for steady).
Each constraint has only one operation and is de-
fined between two or three variables.

There are several kinds of constraint which can
appear in a QSIM model. There are predicates, im-
plemented as relations, representing the usual al-
gebraic operations of addition, multiplication, and
sign inversion; plus a derivative predicate stating
that one variable is the derivative of another.

One of the attractive features of QSIM is that it is
designed to handle incompleteness in the knowledge
of the model. The incompleteness here takes the
form of a lack of knowledge concerning functional
relations in the system. This situation is captured
by the monotonic function constraints M+ and M~
between two variables, which declares that one vari-
able monotonically increases (+) or decreases (-)
with respect to another variable, covering families
of relations.

The conjunction of qualitative relations mod-
els the relationships between a set of measured
variables, plus a number of unmeasured variables.
There may be zero, one or more unmeasured vari-
ables, which we term the model’s hidden variables.

.



Where there are sufficient hidden variables, the
method described here can discover hidden relations
that relate only hidden variables; this is a novel fea-
ture of the learning system presented here.

2.2 Inductive Logic Programming

(ILP)

The general model learning problem can be repre-
sented deductively as follows: if we term the obser-
vations (evidence) E, the background knowledge B,
and the hypothesis to be learnt H, then given that:

BWEE (1)

find a hypothesis H so that

BAHEE (2)

Many solutions to this problem are possible, e.g.
the trivial solutions of E, or B — E. The problem is
therefore how to restrict solutions to suitable ones.
In abduction [3] solutions are restricted to ground
facts; in ILP more general solutions are allowed [11],
although there are still typically syntactic restric-
tions on what form solutions can take. For most
scientific discovery problems it is clear that ILP is
advantageous, as we wish to learn general theories;
and for similar reasons ILP is a sensible choice for
learning QSIM models.

ILP is distinguished from other machine learn-
ing techniques by using first-order predicate logic
(specifically logic programs) to represent back-
ground knowledge, observations, and hypotheses
[10]; and we have previously applied machine learn-
ing and ILP to many scientific problems with suc-
cess(e.g. [6]).

The learning of qualitative models from exam-
ples is a great challenge for current machine learn-
ing methods since the search space is very large.
The problem is also interesting because the data
are positive only, 1.e. when identifying a system,
nature only provides positive examples of states of
the system, not examples the system can not be
in. This hinders machine learning as there are no
negative examples to restrict over-generalisation.

2.3 Related Work

Automated model construction is an important and
growing area of research which has as a central
alm the provision of appropriate models for scien-
tific and industrial tasks. The ideal situation would
be for a learning system to be supplied with only
positive data for some of the variables of the sys-
tem of interest plus some background knowledge
and then produce a model which explains the data
in a physically meaningfully manner, identify any
hidden (unmeasured) variables and not be over-
constrained. This is the hard to achieve target

10430_Monet _Newsl etter_new 8/ 8/ 03 10:18 am Page 4 $

_

at which researchers are aiming. Previous work
in the area has tended to either require that all
variables be measured (e.g. [5]), required negative
data (e.g. [1]), generate models that were overcon-
strained (e.g. [7, 12]) or models that were logically
but not physically equivalent to the plant being
modelled (e.g. [1]). In addition there has been
no comprehensive testing of the conditions under
which learning of qualitative models is possible. For
further details see Garrett et al [4].

3 Model Learning Methodol-
ogy - The QorH Method

The ALEPH ILP system [13] was used as a wrapper
for the QoPH implementation, which was written
separately. As with [1], we used a subset of QSIM,
implemented in Prolog, as background knowledge
for ILP. The task of the model learning method is to
induce a model given example values for a known set
of qualitative variables (a set of qualitative states),
and the model language of qualitative relations that
can be applied to those variables.

ILP, like much of learning, can be considered to
be a search through a space of possible solutions.
In the case of learning QSIM models, this space is
the set of all possible QSIM models, partially or-
dered by generality. The relation-variable lattice
is traversed by best-first search, and the search of
this space can be constrained by the use of various
heuristics. These heuristics can be generated from
a number of sources: for example systems theory
or the domain knowledge of the areas under inves-
tigation. In the former case the heuristics consist
of general principles from systems theory such as:
models must be parsimonious, operate under inte-
gral causality, and contain no algebraic loops (al-
though these latter are preferences rather than ab-
solute rules - since for some systems it is not always
possible to achieve them). Also, for example, if one
is working in the biological area some of the domain
knowledge may consist of a set of rules regarding le-
gal chemical reactions that may take place.

3.1 Testing the QOPH method

The QoPH system was developed as a tool to aid in
the construction of structural models of systems in
molecular biology. This is a domain in which data
are sparse and inherently noisy; therefore it was
important that QOPH be thoroughly tested under
these conditions in order to ascertain its potential
as such a tool; and the following set of experiments
were devised for this purpose.

1. Starting with a complete envisionment (con-
taining N states) every combination of N — K
states from the envisionment (for K =0...N)

.



was created (giving an experiment space of
2N 1 experiments) and the ability of QOPH to
learn the target model from each set of states
was tested. This set of experiments measures
the sensitivity of QOPH to sparcity of data
alone.

2. For the complete envisionment of N states, ex-
periments were run in which the total num-
ber of states used to by QoPH to learn from
was kept constant (at N) with the number of
real states being progressively replaced by a
number of qualitative noisy states; from 0 (no
noise) to N (only noise). A noisy qualitative
state is defined as a state that is not part of
the complete envisionment but is of the same
form, containing the same number and type
of variables. This tests the supposed effect of
noise introduced in the quantitative to qualita-
tive conversion process.

3. For a selection of the experiments used in (1)
a random number of qualitative noisy states
were added to the real ones and the effect on
learning measured. This was done to simulate
the effect of converting noisy signals.

4. Finally experiments were run in which the
whole process (from data acquisition and inter-
pretation to model construction) for both clean
and noisy data were performed.

In order to illustrate the approach used and the
results obtained we will utilise a coupled two com-
partment model, since compartmental models are
oftem used to represent metabolic systems. Details
of the full set of tests and results can be found in
[4].

In this system the input, inflow;, is the input
to compartment 1 and the output, out flows, is the
elimination to the environemnt from compartment
2 (see Fig.1).

The model of this system 1is:

DERIV(cones, net flowy),
DERIV(cones, net flows),
ADD(cones, coneDif f, concy),

Mt (coneDif f, flowr_»),

M (conces, out flows),

ADD(net flows, out flows, flow;_s),
ADD(flow_2, net flow, inflow).

Here there are three unmeasured variables:
‘net flow1’, ‘netflowy’, and ‘concDiff’. For the
system to be correctly learned these variables will
have to be induced. Variable ‘in flow;’ (the input)
is exogenous to the model and so appears only once.
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Figure 1: The coupled system (a) compartments;

(b) QSIM

4 Results

Since any given experiment will induce its models
from a finite number of states, it is possible to plot
the average reliability for all the experiments for a
particular number of states, from one state up to
the number of states in the complete envisionment.
This ‘Average reliability’ is given in the range [0
1]. For the noise experiments, the noise dimension
is projected on the comparative 2-D plot (this as-
sumes an average noise for each point on the state
dimension) to allow comparison with clean data ex-
periments, but a 3-D plot is also presented for the
noise experiments that includes the noise dimen-
sion.

The plots of the number of states used against
average reliability for the coupled tanks are shown
in Fig. 2.

Normalised Accuracy vs. No. States in Coupled Compartments Experiment
T T T T

—&=°

Average reliability
°
>

°
=

Clean
Inverse noise
Rand noise/states

— -
Peg ’ -G -

5 6 7 8 9 10
Experiments with this no. states

Figure 2: Coupled tanks reliability graphs

We analysed the performance of subsets of the
complete envisionment to test whether certain
subsets helped QOPH to learn the correct model
more reliably than others. If this were the case
then there would a a number of minimal subsets
that contained the lowest number of states that
reliably lead to the correct model being found.
Subset analysis of the clean data experiments for
the coupled tanks give the following states as the
minimal subsets.

.



[6,8], [6,9] (state 6 with 1, 8 or 9)
([6,8]), [7,8] (state 8 with 2, 6 or 7)

] ] )
1, [1,4,7], [1,5,7] (states 1 and 7 with 3, 4 or 5)
1, [4,7,9], [5,7,9] (states 2 and 9 with 3, 4 or 5)
,3,91, [2,4,9], [2,5,9] (states 7 and 9 with 3, 4 or 5)

Fig.3 shows the relationship of these states in the
envisionment graph. A comparison with Table 1 re-
veals two key features: a selection of states from dif-
ferent behaviours and the use of the critical points
of the system are the key to inducing the correct
model reliably (see Discussion section below).

Figure 3: The envisionment graph for the coupled
two compartment model

The results from the numerical data experiments
are presented in Fig.4. The legend in the top right
corner associates initial values of the state variables
(given as two concatenated digits) to a plot; ‘all’
is the case where the union of states from all ini-
tial conditions were used in learning. These re-
sults show that it is possible to learn models from
clean and noisy numerical data. As discussed above,
the qualitative states generated from the clean nu-
merical data contain a number of unavoidable data
transformation errors, and the resulting qualitative
states form at most a single behaviour of the system
under investigation. The set of states gleaned from
quantitative to qualitative conversion did not form
a full behaviour for the coupled two compartment
model, which makes the ability to learn a model
from them even more impressive.

T
—e— 03/20
sor —— 00/23]|7
* all

0 1 10 100 1000

Figure 4: Reliability of learning the correct model
from numerical data vs. 1000ths of full Gaussian
noise for coupled tanks
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5 Application to

Systems

Biological

As well as exploring the effects of sparcity of data
and adding noise it was important to test the scal-
ablilty of the QOPH learning method. So far we
have only described models constructed from the
basic QSIM primitives; to improve scalibility it was
useful to be able to use the well-established AT prin-
ciple of chunking [9].

Metabolic pathways essentially contain only two
types of molecule: metabolites and enzymes, we
therefore designed two Metabolic Components, built
from standard QSIM relations, to model metabo-
lites and enzymes. Concentrations of metabolites
vary over time as they are synthesised or utilised
by enzymatically catalysed reactions. This means
that their concentration at time ¢ is a function of
their concentration at time ¢ — 1, and the amount
that they are used or created by various enzyme
reactions. This can be expressed as a simple sum-
mation in QSIM. The qualitative equation for the
metabolite components is therefore:

(Z_AZI = M(t) + Z(enzm_ﬂowi).

i=0

(3)

The other form of high-level metabolic compo-
nent in a metabolic pathway are enzymes. FEach
enzyme 1s assumed to have one or two inputs and
one or two outputs. If there are two inputs or out-
puts these are considered to form an input or out-
put complex, such that the amount of the complex
is proportional to the amount of the inputs or out-
puts multiplied together. The input complex is con-
verted into the output complex which then disasso-
ciates into the output metabolites, and vice versa.
The overall flow through the enzyme is the amount
of input complex formed minus the amount of out-
put complex formed. The qualitative equation for
the enzyme components is therefore!:

~

flow = M+(H Mi)—M+(H M;j). (4)

inputcomplex outputcomplex

This is an abstraction of standard kinetic equations
[2] and is an expression of the collision probabili-
ties of the metabolites and enzyme. We assume for
simplicity that enzymes are taken to exist in con-
stant amounts; although this is clearly a simplifica-
tion this assumption is also used in ODE modelling.
These metabolic components are shown in Fig. 5.
A model of glycolysis in Trypanasoma bruce:
constructed from these Metabolic Components is

1 Note the distinction between M and M*, the amount
of a metabolite and the monotonically increasing relation
respectively.

.
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State | levely levelp crossflowap out flowp

0 < 0, std > < 0, std > < 0, std > < 0, std >

1 < 0,inc > < (0,00),dec > | < (—00,0),inc > | < (0,00), dec >
2 < (0,00),dec > | < 0,inc > < (0, 00),dec > < 0,inc >

3 < (0,00),dec > | < (0,00),dec> | < (0,00),dec> | < (0,00),dec>
4 < (0,00),dec > | < (0,00),dec > | < (0,00), std > (0,00), dec >
5 < (0,00),dec > | < (0,00),dec > | < (0,00),inc > < (0,00), dec >
6 < (0,00),dec> | < (0,00),std> | < (0,00),dec> | < (0,00),std >
7 < (0,00),dec> | < (0,00),inc> | < (0,00),dec> | < (0,00),inc>
8 < (0,00),std > | < (0,00),dec > | < 0,inc > < (0, 00), dec >
9 < (0,00),inc > | < (0,00),dec > | < (—00,0),inc > (0, 00), dec >

Substratel Substrate2 Metabolite
Enzm Mtb
"
S_forw Hil—f -v M_dt
: ——v — Vv ‘
P_rev
'. Sum
*
Productl Product2 Flow_1 Flow_n

Figure 5: Metabolic components for metabolic sys-
tem modelling

shown in Fig.6. The qualitative model is easier to
understand than an ODE since it extracts out detail
and allows a complete envisionment of the states.

We gave QOPH the states for the top part of this
system (shown below). There are 77 distinct legal
qualitative states for this part of system.

Using just the states from the model and the
metabolic components, described above, and as-
suming that no knowledge about chemical inter-
actions between the molecules in glycolysis, 1t was
possible to learn the top part of the model in only
a few hours.

Learning a model of this sort represents a major
step forward because the learned system is equiva-
lent to a QSIM model consisting of 36 relations, It
was calculated that introducing high level compo-
nents has more than doubled the complexity of the
models that can be learned, as well as making the
resulting models easier to read.

6 Discussion and Conclusions

The first general point to note is that for all the ex-
periments the number of measured variables from
which learning took place remained constant and

A Mtb — F1,6BP

DHAP G3P
s3]
Mib
[
ATP

=
PYR o

Mtb

1,3BPG| NADH

Figure 6: The glycolysis metabolic pathway, built
from metabolic components

was less than the total number of variables in the
target model. Thus in all circumstances the learn-
ing system had to find the hidden variables and
their relationships to the other variables of the
model.

Analysis of the clean data experiments showed
that given the complete envisionment of a system
the correct model was always reliably found. As one
would expect there was a gradual deterioration in
the reliability as the number of states presented as
data was reduced. However, a closer analysis of the
results in conjunction with the envisionment graphs
for the target models reveals that there is a strong
relationship between the reliability of the learning
process and the number, and type, of states used in
an experiment.

An interesting result from this analysis is the ob-
servation that models can be reliably learnt from a
minimal number of qualitative states (two in the
case of the coupled two compartment system) if
the states come from different branches in the en-
visionment graph. So we can hypothesise first of
all that in order to reliably learn a system the data
used should come from experiments yielding qual-
itatively different behaviours (that is behaviours

.



whiclh would appear as distinet branclhes in an en-
visionment graph).

However, this hypothesia anly provicdis o neces-
sary, bul nob a sufficient condition for baming. Tt
was nobed dunng the analysis (hat in each case
where the model was reliably bearnt with o mini-
mal number of states, at least one of the states is
noeritical point of the fiest derivative of at least one
of the state variables: indicating the importance of
these critical point siates to the definition of a sys-
b, What this means is that if an experiment, were
sot up in which all the state variables were exactly
b their eritienl points then the experiment could
be run for o very short time and the correct. model
strocture idontified, OF course, it is impossible to
gt wp gwch an experiment, especially in the sitna-
tcm where the structure of the system = rompletely
unknown. Another alternative is to set up multiple
experiments with the state vanables set to ther ex-
tremae: froam these initinl eonditions all the states of
the envisionment will eventoally be passed throongh.
The dewnside of this s that the experiments may
b dlifleult to set up and could take an very long
Pime b eomplete. These two scenarios form Lhe
ends o a specirum within which e optimal ex-
perimental setting will e, the identification of the
Ll best sbrategies is an inportant aren of research
arising from the results of the present work, but it
is bevond the scope of this paper.

The main results from this part of the peoject can
be suinmarised as follows:

# The benchmark modeks soald be imdueed from
their complete envigionmenes,

# As the number of etates chosen from the com-
plete envisionment inereases s does the fre-
quency and relinbility of finding the corpect
modrl,

# The correct model can always be eeliably found
given a relatively small subset of the total envi-
gionment, There is & sct of these suhects such
that other state subectz are sither supersets of
one member of this set, or do not reliably give
rizge Lo the eorreet mncde],

% Even though subsets contaiming very few states
can relinbly give rise to the correct moded, it
iw possible {0 select subsets contmming eimost
afl the states that do ped peliably lead o the
correct model.

o Clualitative models can be leart from data con-
taining noisy qualitative states, though the
averall reliabifity is reluced,

o Maodels can be learned Trom noksy simulated
renl dota for the benchmark systoms,

In addition to the eesulis presented here we have
flsa waed Criren to bearn a qualicabive model repre-
senting the complex biological process of glyeolysis

[4].
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Bio-Medical Task Group

During the last six months, Task Group members have been involved in approaching various commercial
companies for information about the potential role model-based and qualitative reasoning approaches could play
in their branch of industry. Contacts with research-oriented hospitals have also improved.

The Task Group has placed considerable effort into its Technological Roadmap. The Bio-Medical Domain is vast
and varied with many factors relying on public / political will instead of Technological ability. Considerable time
during the preparation of this document was spent on understanding the various constituencies that can be
distinguished in the health-care and biomedical communities.

The Task Group has been involved in two Workshops in the first half of this year and has a further Workshop
towards the end of this year.

EUNITE 2003 - Workshop on Intelligent Technologies for Gene Expression Based Individualised Medicine. 9th May
2003. Jena, Germany

EUNITE 2003 - Joint MONET - EUNITE Workshop on Bio-Informatics held at the European Symposium on
Intelligent Technologies, Hybrid Systems and their implementation on Smart Adaptive Systems. 10th - 11th July
2003. Oulu, Finland

AIME’'03 Workshop: ‘Qualitative and Model-based Reasoning in Biomedicine’ held as part of The European
Conference on Artificial Intelligence in Medicine (AIME’03), 18th - 22nd 2003 October. Cyprus. See advert below.

AIME'O3 Workshop: Qualitative
and Model-based Reasoning in
Biomedicine

during The European Conference on
Artificial Intelligence in Medicine (AIME'03)

Cyprus 19-22 October, 2003

(this CfP: http://www.cs.kun.nl/~peterl/aime03-ws.html)

Submission of papers: 1 July, 2003
Notification of acceptance: 15 September, 2003
Workshop: Sunday, 19th October 2003
Conference: 19-22 October, 2003

With support from MONET

To get further information about the AIME’03 Conference, please go to the following
website: http://www.ucy.ac.cy/~aimeQ03/
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Automotive Task Group

This has been a very busy period for the Task Group
and has seen them meet three times in the last six
months. The majority of the work has been on
investigating projects that could develop from the area
and so far they have been involved in four such
projects.

At an Automotive meeting in April the Task Group
discussed the list of industrial requirements that had
been gathered the previous year from several major
European Automotive companies. The Task Group
addressed the concerns from the Industrial partners
and grouped these into four areas that could be
interesting for future projects; they then gathered
interest in these areas and worked towards generating
projects. Four projects have emerged from this work
concerning areas such as predictive diagnosis; test

generation and Model-based testing of embedded
systems; the application of intelligent systems /
advance software to mobile systems; system
autonomy (a joint project with the Space domain).

The Task Group have also been producing the first
Version of their Domain specific Technological
Roadmap in order to be able to offer continuing
assistance to the competitiveness of the European
Automotive Industry.

Also in June 2003 Louise Travé-Massuyés was invited
to present at a Workshop on ‘Immobot Technology and
its Application to Automotive Realm’ at the Car
Internet Research Program (CIRP) Conference. CIRP is
an industry-sponsored research initiative.

Model Based Fault Detection and Diagnhosis
(BRIDGE) Task Group

The BRIDGE Task Group has been working towards
their Deliverables and Milestones and also putting
considerable effort into reaching an ever increasing
audience. They have also completed work on the
Collection of Industrial Reference Problems which
provides the description of a set of reference problems
of different natures. These are presented along a
common format making it easier to perform parallel
analysis.

The focus of their Technological Roadmap (and also of
the Task Group in General) is to provide both DX and
FDI communities with a better understanding of the
methodologies of the other community. This task will
facilitate the future-planning that is shown in the
Roadmap and the methods that are applied to
achieving these goals will also be determined from the
conclusions drawn in this document. The Task Group
has also brought forward the work to produce tutorial
materials as some have already been produced along

with the Industrial Reference Problems and there will
be more produced for the sessions on Diagnosis held
during the MONET Summer School.

The Task Group held a one day BRIDGE workshop at
the co-located International Workshop on Diagnosis
2003 and SafeProcess 2003. The day was attended
by many members from the SafeProcess community
and was a tremendous driver for increasing the
awareness of researchers about FDI and DX
technologies and their combination. Preparations are
also beginning for the International Workshop on
Diagnosis 2004 which will be held in Carcassonne
(France) in 2004. Much of the organisation is being
done by members of the BRIDGE Task Group.

The Task Group are also producing an |[EEE BRIDGE
Issue. The publication is now in the final stages of
preparation and will contain six articles on BRIDGE
issues and should appear around the second quarter
of 2004.
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The MONET Project is the European Network of Exellence in the Development
of Model Based Systems and Qualitative Reasoning. Its three year life is
dedicated to forwarding these Technologies and their transfer into Industry.
MONET is holding a subsidised Summer School for Doctoral Students and
Industrialist interested in increasing their knowledge of these Technologies.
The Summer School will give an excellent foundation for research in the area
or for applying these technologies to real world problems.

If you wish to participate in this Event, or have a student who would Iike to attend then please contact us.

Aldemar CretanVillage Hotel, Crete

6th - |2th September 2003

Programme Highlights
+  Explanation of Technology by World Leading Experts
Practical Technology Demonstrations
Group Seminars
Future Technology Planning

Experts Available for Drop-in Clinics

MONET Project Office
Department of Computer Science
University of Wales, Aberystwyth

Penglais C
Janet Thomas englais Campus

Ab h
monet@aber.ac.uk ..I'.f. mDn'E't c:rreyj.tm

§Y23 3DB

For Details Please Contact:

Web: http://monet.aber.ac.uk Phone: 01970 628521

Fax: 01970 628536

MONET
Summer School
Venue

The hotel is a very well equipped and
modern establishment, with all the
facilities you would expect from such a
venue. The restaurants had an abundance
of choice with local specialities as well as
themed evenings and the serice is
friendly and efficient. The main bar is
outdoors, and undercover and there are
also bars at each of the pools and a
beach bar with an a la carte restaurant.

The conference facilities are on site
and the main meeting room is large, well
lit and has air conditioning. There is a
large lobby area outside the conference
room, which will be available for our
exclusive use - a good place for coffee
breaks and informal gatherings. There is
also a terrace which runs along one side
of the conference room.

Pool and beach facilities are excellent.
There are four pools of varying sizes and
locations within the complex, one of
which has a waterslide. The beach area is
clean and well kept, with sun-loungers
and parasols which are free to hotel
guests.

During the Event there will be an
excursion to sample the Cretan way of life
and experience the island's rich history
and culture. This will culminate in a Gala
Dinner at a local Taverna.

Weather in Crete is usually hot and
sunny with temperatures of approx 25
degrees Celsius and water temperatures
of 24 degrees Celsius during September.

Crete has a rich and varied culture. It
was distinguished as the home of
Europe’s  earliest civilisation ~ when
excavations in the early twentieth century
confirmed the legends of King Minos and
the prehistoric Minoan society. In
between times, Crete has had a diverse
past, including a period of Turkish
occupation until the Greek flag was raised
over the island for the first time in 1913.
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Summer School 2003

Timetable
Day Sessionl | Session2 | Session3 | Session4 Evening
Saturday Delegates begin to arrive and settle into accommodation Inform_al
Gathering
Delegates continue to arrive and settle into : . Welcome
Sunday : Registration
accommodation Event
Modelling Practical Session Drop in
Monday Plenary Lecture (Ken Forbus) (Bert Bredeweq) Session
_ . Diagnosis Lecture (Peter .
Tuesday Ecolog_y. Lecture & Practical Struss / Louise Travé- Drop_ in
Session (Bert Bredeweg) X Session
Massuyes)
Cognition
Diagnostic Practical (Peter Struss / | Lecture (Ken Cultural Tri
Wednesday Louise Travé-Massuyes) Forbus & Dedre P
Gentner)
Education Bio-Medical . o
Thursday Lecture (Bert Lecture (Mlgr(il(uE;r;a/I Qgg‘lgﬁ)%nke) D(_Sala
Bredeweq) (George Coghill) nner
Concluding
‘Challenges in Session —
Friday MBR’ Lecture Panel with Ken, Delegates depart
(Chris Price) Bert, Peter,
etc...
Institutions who have already NameS Of TUtOfS
registered Delegates

IST at Technische University of

Bert Bredewg

Graz .
v T Sre To enquire about attending the George Coghil
niverity of Nijmegen
University of Wales, Aberystwyth MONET Summer School Ken ForbUS
Aberdeen Universit
Technisfr:eeLJer?iverr]é\ilg/rsgfyBerlin please contact Dedre Gentner
Universitat Rovira i Virgili Janet Mark e
Jeglj\ UQ{:V;‘:;W At the MONET Project Office _
University of Valladolid on jnt @aber.ac.uk Louise Trave-Massuyes
IRISA -li icati i i
University of Amsterdam or use the 0?0|rlrr:]e apphcatlon ChnS P”Ce
B I
LinkijpinrgurL]J?]iversity Nea| SnOOke
Jaume | University Peter Struss
Technische University of

Dresden




10430_Monet _Newsl etter_new 8/8/ 03 10:18 am Page 14 $

_

QRSER: Qualitative Reasoning for
Stream Ecosystem Restoration and Recovery
Report from the First Workshop 6-8 March 2003 in Jena, Germany

Michael Neumann
University of Jena, Institute of Ecology, Dornburgerstr. 159, D-07745 Jena, Germany, m.neumann@uni-jena.de

Bert Bredeweg (Univ. of Amsterdam); Paulo Salles (Univ. of Brasilia); Tim Nuttle (Univ. of Jena)

Abstract

This report presents our initiative to start a pan-European
collaboration to build qualitative reasoning models for stream
ecosystem restoration and recovery. The first QRSER workshop
was held in March 2003 in Jena, Germany, with 17
participants from Europe, Brazil and the USA. The program of
the workshop was well balanced between theory and practice
sessions. After an introduction to QR in general and to each
participant’s research, focused lectures about QR in ecology
were given. Participants had the opportunity to work out
assignments and to practice building QR models. A discussion
about the future development of the QRSER initiative (see
www.grser.de), possible projects, proposals, and meetings
created a successful end to the first QRSER workshop.

Introduction

Running water bodies constitute a major component of the
landscape and are one of the most important limnological
habitats with unique structure and function. They have,
however, suffered decades of degradation from agricultural and
industrial pollution and from weir or dam construction,
channelisation, and dredging. This damage has reduced their
ability to provide economically important ecosystem services
including drinking water, irrigation, hydropower, commerce,
recreation and fisheries.

Decision makers in restoration and recovery need predictions
to plan their activities. Quantitative ecosystem models may
provide such predictions, but they are not only difficult to
parameterise, but also difficult to explain to non-experts.
Stream ecosystems are especially difficult to model because of
our generally poor understanding of ecosystem structure and
functioning.

QR is an innovative
technique that captures
the fundamental aspects
of a system, while sup-
pressing much of the
irrelevant  detail.  This
approach makes expert
knowledge available to
non-experts for direct use
in applied contexts. It will
help reconcile the
conflicting interests  of
water users and facilitate
forecasting, management,
and restoration of running
waters throughout
Europe.

Objectives

The QRSER workshop was held to bring together European
stream ecologists and QR experts and to teach QR modelling
techniques for ecological research. Consequently, the target
audi-ence of this workshop were experienced stream ecologists
from Europe who work in the area of regeneration, restoration,
recovery, or improvement of degraded aquatic ecosystems.
Ide-ally, they should work in a long-term research project and
have already collected data and knowledge about the
functioning of the investigated ecosystem.

Participants were invited to learn about the application of QR
technigues to model ecological systems, share their own ideas
about using QR models to investigate stream restoration and
recovery, and practice thinking about representing familiar
concepts in the intuitive, though unfamiliar, QR framework.
Participants also practiced building QR models with example
data for simplified systems. Another important goal of the
workshop was to develop ideas for a proposal for the 6th
framework programme of the European Union on collaborative
research on QR modelling of stream ecosystems and to use QR
to improve restoration and recovery in a variety of stream
ecosystems.

The venue

Fifteen kilometres north of Jena, Germany, high above the
valley of the river Saale, the three Dornburger Schldsser build a
unique ensemble from different epochs and styles coming from
the Middle Ages, Rococo, and Renaissance periods. They are
connected together by vineyard terraces and romantic, rose-
covered arcades. The workshop was held in the Renaissance
Chateau, built ca. 1540. Goethe lived here in 1828 and so the
building is named today "Goetheschloss", and represents one
of the prettiest commemorative sites for this great poet.

The program

The program of the first QRSER workshop was divided into
three parts. On the first day, a general introduction to QR was
given. Participant had the chance to give a short intro-duction
into their research projects and the area where they would like
to build models with QR. It became clear that the focus of work
encompassed diverse areas including water quality aspects,
structure and size of communities, habitat quality, and
integrated catchment man-agement.

During the second day of the workshop, an introduction about
QR in ecology and practical assignments were given, followed
by a more in-depth tutorial and more sophisticated assign-
ment. A PC computer with the GARP software (including
HOMER and VISIGARP) was available for every participant so
that they could work on the assignments for a defined time on
their own and the solution was presented to everybody at the

.



Prof Yordan Uzunov (Bulgaria): It was a perfect idea to hold this
workshop introducing an emerging, innovative technique for non-
numerical description of ecosystems of running water. The
highest value of the workshop was the final commitment of the
participants to join their expert knowledge implementing this. At
the moment, the most advantageous feature of this approach is
the opportunity to create many scenarios for possible
developments within a stream ecosystem when introducing an
integrated management and ecosystem approach.

Prof. Stefan Schmutz (Austria): State-of-the-art management of
riverine ecosystems follows the principle of an integrated
approach. Methods for integrating available knowledge into
consistent frameworks are still widely lacking. Decision makers
strongly need tools to integrate scattered information differing
widely in expressiveness and quality. QR represents an adequate
tool to handle these problems by developing consistent models
for decision making.

end. This approach allowed each participant had the chance to
learn more about the general background of QR in ecology and
to practice building a QR model with GARP.

The third part of the workshop was a discussion about a
proposal and the future devel-opment of the QRSER initiative.
Participants discussed the idea, objectives and work plan of a
project to be submitted to the European Commission 6th
framework programme. All partici-pants of the workshop
supported the idea of a specific targeted research project
(STREP) proposal. A time schedule was developed for future
collaboration and development of the QRSER initiative (see
www.grser.de). A second workshop at the end of 2003 and a
third meeting in spring 2004 during an international
conference was planned. The idea is to enable all participants
to build QR models on their own and to present these models
during an international meeting. Papers of this meeting will be
reviewed and published in an edited book about qualitative
reasoning in stream ecosystem restoration and recovery.

Overall, the program of the first QRSER workshop was well
balanced between theory and practical classes to introduce a
new and innovative technique to a group of stream ecologists
from all over Europe. The program was flexible enough to
accommodate the needs of the participants and left enough
time for discussing and future planning. The organisers are very
happy with the results of the first workshop and look forward to
future developments.

Questionnaire to the participants

After the first QRSER workshop, 12 participants presented their
comments about different aspects of the modelling effort by
answering a questionnaire. Topics assessed were their
individual knowledge and their opinions about the workshop
contents, structure, and the model-building process. The
overall evaluation of the QRSER structure and methodology
was very good: "Friendly, relaxed atmosphere, good location,
diverse array of participants willing to share ideas," "Group not
too large", "Everyone had [the] opportunity to discuss, and
over-domination of a few was kept minimal". The balance
between theory and practice and the amount of material
presented was considered about right, considering time
available.

However, building QR models was not considered to be an easy
task, even though most of the participants had 'some' previous
experience modelling, and three of them were experts.

http://monet.aber.ac.uk
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Difficulties were found in different aspects of the modelling
process. A new way of thinking about well known problems was
required. For example, for half of those who answered the
guestionnaire, it was 'medium' or 'difficult’ to create causal
models of the system at hand, capture notions like direct and
indirect influences imposed by processes, and to represent
qualitatively objects, quantities and values. Technical aspects
also presented some barriers: "difficult to learn the terminology
and what [the modelling primitives] do'.

Asked about applications of QR to their work, the participants
of the first QRSER workshop were enthusiastic: "Opportunities
for immediate application in research activities" and "good
application in management decision support in data limiting
scenarios" were foreseen by the participants. Most of the
answers mentioned educational applications of QR models:
"very useful for education and describing general ecological
behaviour common to all ecosystems". One of the answers
may summarize the general feeling: "[it is very useful and] will
influence my practical work".

All in all, we conclude that modelling using QR techniques is
very much in line with ecological thinking. The participants
indicated that they would recommend a QR approach to
colleagues because they found it useful for research,
management, and education in stream ecosystem recovery.

The QRSER Project for the EU FP6

Under the call FP6-2002-GLOBAL-1 with a deadline in April
2003, the consortium built during the first workshop submitted
a proposal with the acronym "QRSER" for a STREP (reference
number FP6-505353). The objective of the QRSER proposal is
to apply QR to long-term investigations of stream ecosystems.
Our consortium of ecologists and information technologists
from 14 European countries and Brazil will develop a cost-
effective technology to forecast stream parameters.

This is the first initiative to develop QR models of stream
ecosystem restoration and recovery. These models will support
researchers and managers throughout Europe to understand
behaviour of these complex systems. Simultaneously, this
project will develop ecological curricula to teach ecological
concepts to university students and applied users, to increase
ecological awareness and promote sustainable development.
The work plan of this three-year project includes development
of advanced software to support our collaborative approach.
Ecological partners will develop QR models on specific
problems, share them in a library of model fragments, and
involve applied users for integrated model building.

The Relevance for Education

QR functions via the rich vocabulary that humans use to
describe system behaviour, and thus facilitates causal
reasoning. Hence, QR models are ideal for educational
applications. Because of the various levels of understanding of
learners, one model cannot be used at all levels of instruction.
For example, learners who do not already have an advanced
understanding of ecological theory cannot be expected to
understand a complex community or ecosystem model if it is
presented to them as a single entity. Rather, it is helpful to
begin with simple, static models (descriptions of model
components), and progressively add dynamic components
(e.g., interactions between populations), until finally the full
ecosystem model can be understood.

The MBS & QR Community

.
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An important aspect of the QRSER initiative concerns its
educational objectives. The idea is to develop university
curricula using QR models to teach basic to advanced
ecological concepts. Additionally, we have the goal to develop
instructional methods to teach applied users (e.g. managers,
decision makers and stakeholders) how to use QR models to
understand and manage stream ecosystems to reach the goal
of restoration and recovery.

Outlook for the Second QRSER Workshop

The second QRSER workshop is being organised by the
Danube Delta National Institute for Research & Development,
Tulcea, Romania. It is planned for the end of September 2003
(see www.qgrser.de). The target audience are experienced
stream ecologists from all over Europe. As a continuation of
the first workshop, participants will learn and practise the
GARP software to develop QR models. The second meeting
aims to present the large range of stream ecosystem
descriptions concerning the relationships among biotic and
abiotic components. The goal is to enable participants to build
QR models themselves.

An important objective is to involve end users. Participants from
Water and Environment Protection Ministries, Water Agencies,
etc. will learn and understand this new technique to represent
knowledge about stream ecosystem behaviour. The goal is to
support their decision making process for restoration and
recovery. The EU Water Framework Directive and Flora Fauna
Habitat Directive will be summarised and presented to the
group to emphasise the current regulatory environment
encompassing European stream-ecosystem quality.

The deadline for registration is 1 August 2003. For Information
and instructions please contact Dr. Eugenia Cioaca from the
Danube Delta National Institute for Research & Development
(DDI); 165 Babadag Street, Tulcea, Romania (Tel.:
+40240524550; E-mail: eugenia958@yahoo.co.uk).
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Education and Training Task Group

The Education and Training Task Group has put considerable
efforts, over this six month period, into starting their first
project. They organised a Workshop in Jena, Germany and
began work on a QR Stream Modelling system coupled with a
Decision Support System for Ecosystem Management and
Training. In other words this is effectively two projects rolled
into one. The work that they have also done on the Roadmap
and the Review of MBS&QR Technologies, along with the
growth in the Task Group should see a great success in this
and future projects.

Another major aspect of their work has been their Domain
Technological Roadmap. Model-based Systems (MBS) and
Qualitative Reasoning (QR) technology is of great importance
for developing, strengthening and further improving education
and training on topics dealing with systems and their
behaviours. It is well known that an essential part of modern
education and training involves the comprehension of systems
and their behaviours. That is, being able to distinguish a system
from the environment in which it operates, to identify the parts
that it is made of, and to predict or explain its behaviours. The
latter is concerning the overall system behaviour, how it
potentially interacts with the behaviour of the environment, as
well as how the system's behaviour originates from the
individual behaviours of each of the parts that it consists of.
The term 'Parts' does not only refer to components that
constitute artefacts (e.g., a switch being part of a device of
some kind), but also refers to entities or objects in general from
which systems have grown (e.g., a tree being part of a forest)
or have been built (e.g., a pole supporting some physical
structure).

Although not all education and training involves reasoning
about systems (for example, language teaching does not seem
to fall within such a paradigm), many matters in educational

settings, work situations and every day life do. MBS&QR
technology is important because it provides a computer-based
means to capture and communicate knowledge and insights
that overcome limitations of currently used technology, such as
numerical-based simulations. However, MBS&QR technology is
not well known to a wider audience and there are few who are
ready to use products and tools available to exploit the
capabilities of this technology. This is an undesirable situation
as a great possibility for improvement is potentially left
unexploited. In this roadmap they depict the current situation
concerning MBS&QR technology for education and training.
They then envision how this should change in the future and
how they may accomplish that vision; following the needs and
desires from the field.

They have also been working to formulate a basis to practically
demonstrate the applicability of MBS & QR technology to the
Education and Training Domain. With the assistance of other
Task Group Members, Bert Bredeweg conducted discussions
with experts in the field of Ecosystem modelling and persuaded
them that not only could MBS & QR build their models for
them, but that it could also develop a ‘Decision Support’ system
to assist in stream restoration and recovery programmes. For a
full description of this (Jena) Project please see the article on
pages 14 - 16.

The Task Group has also completed work on the (ED2) Review
of MBS&QR Technologies and their application to teaching.
Educational Model-based reasoning has a comparatively long
history in model-based reasoning, starting with the Sophie
system for teaching engineers to diagnose circuits in the early
1980's. This document examines the latest model-based
technology being employed for tutoring and education-oriented
systems, with case studies of some of the most recent
systems to be built.

- htp//monetaberacuk  The MBS & QR Community
.
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Abstract

Bayesian networks have been introduced in the 1980s. Re-
search to explore the use of the formalism in the context of
medical decision making started in the 1990s. The formal-
ism possesses the unique quality of being both a qualitative
and quantitative, statistical knowledge-representation formal-
ism. Asit allowsfor structuring domain knowledge, by exploit-
ing causal and other relationships between domain variables,
the formalism is also model-based. In this paper, a Bayesian-
network model of ventilator-associated pneumoniaand an im-
plementation of the decision-support system that incorporates
this model and that is currently being evaluated in the ICU of
the University Medical Centre Utrecht are described.

1 Introduction

The project described in this paper was initially undertaken
to investigate the potential of the commercial clinica infor-
mation system C2000 to act as a foundation for medical de-
cision support in the ICU.1 A 1994 study of antibiotics us-
age in Dutch ICUs revealed that 49% of the antibiotics were
prescribed for respiratory-tract infections. As a clinical prob-
lem for the project the diagnosis and treatment of pneumo-
nia in mechanically-ventilated patients was therefore chosen,
which may be seen as an instance of a much wider clini-
cal problem: the clinical management of infectious disease in
hospitals. The significance of this derives from the presence
of multi-resistant bacteria in clinical wards, in particular the
ICU, makes prescription of antibiotics with a spectrum as nar-
row as possible essential; the prescription of broad-spectrum
antibiotics promotes the development of antimicrobial resis-
tance, and should therefore be avoided when possible. Most
infectious-disease specialists and microbiol ogists therefore be-
lieve that the guidance of non-expert doctors in treating in-
fectious disease must be improved; one way to achieve this
aim may be through decision-support systems. A number of
studies indicate that decision-support tools may indeed con-
tribute to improving infectious-disease management and con-
trol [3, 5, 9, 15].

In our project Bayesian networks (BNs) have been chosen as

1C2000 is sold by the Eclipsys Corporation, ht t p: / / www. ecl i psys. com

the basis of most of the work. They have been introduced in
the 1980s as a formalism for representing and reasoning with
models of problemsinvolving uncertainty, adopting probability
theory as a basic framework [10]. Since the beginning of the
1990s researchers are exploring its possibilities for developing
medical applications.

The BN formalism offers a natural way for representing the
uncertainties involved in medicine when dealing with diagno-
sis, treatment selection, planning, and prediction of prognosis
[6]. Thisis due to the fact that the probabilistic influences and
interactions among variables can be described readily in a BN.
As the formalism is declarative in nature, any (often condi-
tional) probabilistic statement can be computed from a given
BN, where the statement may concern both single and arbitrary
Boolean combinations of variables. This allows asking ques-
tions such as “What is likely to be the result for the patient
if | decide to request this test, or to prescribe this treatment”.
Another attractive feature of the formalism isthat it is closely
related to causal qualitative models, which explains why some
researchersrefer toit asthe causal probabilistic network (CPN)
formalism. An actual BN can often be understood in terms
of cause-effect relationships reflected in its structure. Finaly,
there also exists a fully qualitative version of the Bayesian-
network formalism, so-called qualitative probabilistic networks
(QPNs) [11]. This, therefore, allows developersto choosefor a
fully qualitative modelling approach or for even further mixing
qualitative and quantitative information.

In this paper, a BN model that was developed to assist clin-
icians in the diagnosis and selection of antibiotic treatment for
patientswith pneumoniain the |CU isdescribed [8]. The model
is part of adistributed decision-support system that allows clin-
icians to request advice concerning individual patients. This
system is currently being evaluated within the ICU of the Uni-
versity Medical Centre Utrecht, and is also described in this

paper.

2 Modédling

Developingamodel of arealistic medical problemisusualy far
from easy, and using Bayesian networks for this purpose offers
no exception in thisrespect. Asisthe case with other represen-
tation formalisms, there are particular guidelines which facili-
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Figure 1: Example of a mechanically ventilated patient in the
ICU. Many of these patients develop pneumonia.

tate developing a BN [7]. We start by summarising some facts
concerning the problem of ventilator-associated pneumonia in
the ICU.

2.1 Ventilator-associated pneumonia

Many of the patients in the ICU are severely ill, which con-
tributes to the likelihood that these patients get pneumonia.
One explanation for this is that the functionality of the immune
system in these patients is diminished. In addition, many pa-
tients admitted to an ICU need respiratory support by mechan-
ical ventilation (See Figure 1). These, and a number of other
factors, promote the development of bacterial pneumonia [1].
Pneumonia is a common disease in ICU patients; ventilator-
associated pneumonia (VAP) may arise in patients who are me-
chanically ventilated. Because of the wide-spread dissemina-
tion of multi-resistant bacteria in hospitals and ICUs in partic-
ular, with which patients start to become colonised after one
or two days, effective treatment of VAP is seen as an issue of
major concern.

Unfortunately, already diagnosing the presence of VAP in
patients is difficult, as many of the signs and symptoms that oc-
cur in VAP also occur in other disorders. For example, fever
is a very common finding in patients in the ICU, and is typical
for pneumonia, but it is more often associated with urinary tract
infection. Hence, choosing the ‘right’ therapy, i.e. selecting an-
tibiotics that are effective against the causative organisms, with-
out causing major side effects and that are as much as possible
directed to the causative organisms only, i.e. have a narrow an-
timicrobial spectrum, is even more difficult in the face of this
uncertain diagnosis.
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2.2 The Bayesian-network model

Figure 2 gives an overview of the structure of the BN model
of VAP which we developed. The structure of a BN can be
designed using knowledge of known causal dependences, in-
fluences or correlations. All or part of these may be derived
from knowledge of domain experts, obtained from descriptions
in literature, or extracted from data using structure-learning
algorithms. Formally, a Bayesian network B = (G,Pr) is
a directed acyclic graph G = (V(G), A(G)) with set of
vertices V(G) = {Vi,...,V,}, representing stochastic vari-
ables, and a set of arcs A(G) C V(G) x V(G), represent-
ing stochastic dependences and independences among the vari-
ables. On the set of stochastic variables a joint probability dis-
tribution Pr(V4, ..., V},) is defined that is factorised respecting
the (in)dependences represented in the graph:

Pr(Vi,..., Vo) = [[Pr(Vi | 7(Vh))
=1

where 7(V;) stands for the variables corresponding to the par-
ents of vertex V;. One of the attractive features of BNs is that
it is possible to combine information from various sources, for
example starting with defining a probability distribution from
one source, and then refining it using data.

An important role in the model is played by the temporal
process of colonisation of the airways by bacteria. The fact
that this process is temporal, is expressed by the interaction
between duration of stay (hospitalisation) and duration of me-
chanical ventilation: both are positively correlated to colonisa-
tion with particular bacteria. It is in principle also possible to
represent temporal knowledge by means of temporal arcs be-
tween the same variables at different points in time, but reason-
ing with such a representation, which resembles a Markov pro-
cess, may be very demanding computationally. Other arcs have
a causal reading without a strong temporal connotation. For
example, aspiration of stomach content is another factor posi-
tively correlated to colonisation with particular bacteria. When
a patient gets colonised with a particular bacterium, there is
a certain probability that pneumonia will develop. Therefore,
an arc is drawn from ‘colonisation’ to ‘pneumonia’. Duration
of mechanical ventilation and the immunological status of a
patient influence the probability that pneumonia will arise as
well; therefore, an arc is drawn from ‘immunological status’
and ‘mechanical ventilation’ to ‘pneumonia’. When a patient is
affected by pneumonia, symptoms and signs can be observed,
as well as abnormalities in laboratory values; this part of the
model is shown in Figure 3. Here the arcs sometimes have a
causal reading and sometimes the less specific meaning of a
correlational influence.

Graphs like the one shown in Figure 2 appear easy to under-
stand, but their underlying formal semantics is sophisticated.
For example, the structure in Figure 3 tells us that leucocy-
tosis is conditionally independent of body temperature given
presence or absence of pneumonia. The notion of induced de-
pendence is also central to the theory; it signifies a (dynamic)
change in the dependence relation represented by the graph.
For example, the various colonisation variables are (uncondi-
tionally) independent, but will become dependent once infor-
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Figure 2: Detailed structure of part of the VAP model. Only three of the microorganismsincluded in the model are shown. Boxes

stand for collections of similar vertices. Dotted arcs point to the actual topology of the network. Solid arcs stand for atemporal
stochastic influences, whereas dashed arcs indicate temporal influences. Abbreviations of names of bacteria: PA = Pseudomonas
aeruginosa, HI = Haemophilusinfluenzae, SP = Sreptococcus pneumoniae.
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Figure 3: Probabilistic model of signs and symptoms of pneumonia.
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mation on the presence or absence of their common conse-
guence, pneumonia, is entered into the network. Insufficient
understanding of the formal meaning of BNs may give rise to
modelling flaws.

Prescription of antibiotic therapy amounts to selecting none,
one or two antibiotic drugs, which was originally modelled by
two identical therapy vertices. Let d be the number of possible
drugs (including none). Then with two treatment vertices d>
combinations are possible, of which ¢ 5 1) are unique; the total
number of different (bi- and mono-)therapies that actually can
be prescribed is thus d2 1) + d. However, as not every possi-
ble combination makes clinical sense, a single treatment vertex
was used in the final version of the network to represent the
prescription of one and two antibiotics.

3 Medical problem solving

AsaBayesian network allowsfor the computation of any prob-
abilistic statement, if all variables relevant for making a diag-
nosis and for prediction and treatment selection are included,
the same network can be used to deal with avariety of medical-
decision making tasks. Thisisan example of knowledge reuse;
it will beillustrated below for the VAP model.

3.1 Diagnosisof pneumonia

Diagnosing VAP is a difficult task, because none of the signs
and symptoms are unique for the bacteria that cause VAP. De-
termining a diagnosis based on available evidence £ is often
defined as:

d= argmeax Pr(d| &)

where D herestandsfor the‘ pneumonia variable, and £ for ev-
idence, such as presence of leucocytosis, body temperature, du-
ration of hospitalisation, and mechanical ventilation. Receiver
operating characteristics (ROC) analysis is another frequently
used method. It is employed to determine a probability cut-
off point, which is then used to establish a diagnosis for future
cases [14]. ROC analysis, however, requires a gold standard
diagnosis, which often is not available in medicine. Thisis ac-
tually a problem with the diagnosis of VAP, as its pathological
diagnosis is very unreliable. The results of an ROC analysis
of the model with an infectious disease specialist and the ICU
clinicians as gold standards are shown in Figure 4.

As mentioned above, the BN model of VAP incorporates
temporal knowledge; however, it was recently shown that this
isnot really important for the diagnosisof VAP[2]. Thiscan be
understood by the fact that progressin timeincreasesthe likeli-
hood of pneumonia, but time does not interact in a complicated
non-monotonicfashion with ‘ pneumonia . Thisimpliesthat for
the purpose of diagnosisit would be sufficient to use the part of
the model shown in Figure 3, with a prior probability distribu-
tion for the variable ‘pneumonia determined by the marginal
probability distribution as derived from the complete model.
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Figure 4: ROC curves based on patient data. The points are
labelled with cut-off pointsin percentages. The upper curveis
based on expert judgement; the lower curve on judgements by
ICU doctors. The BN's performanceis clearly nearer to expert
opinion than to clinical practice.

3.2 Prediction and treatment selection

For the purpose of prediction of likely causative organisms,
as well as for the selection of optimal antibiotic therapy, the
tempora knowledge incorporated into the Bayesian-network
model of VAP is of mgor importance. Figure 5 clearly indi-
cates that both likelihood of colonisation and pneumonia by
particular pathogens vary in time. Asin particular the ‘ coloni-
sation’ variables together with selected antibiotics determine
choice of treatment by predicting coverage, time cannot be ig-
nored [2].

Treatment selection is based on sel ecting the antibiotic com-
bination that yields an optimal outcome. In the case of treat-
ment of VAP this can be defined as maximal coverage with
minimal side effects, using antibiotics with a spectrum as nar-
row as possible, as this reduces the chances of the devel opment
of antimicrobial resistance in the hospital. Thisimpliesthat the
Bayesian network needs to be extended with decision theory,
i.e. autility function

u : COVERAGE X SIDE-EFFECTS X SPECTRUM — R

has to defined and treatment variables become decision vari-
ables. The resulting formalism is known under various names,
among others decision networks and influence diagrams [12,
13]. The optimal treatment is the one with maximum expected
utility.

Influence diagrams can be converted to Bayesian networks,
among others by mapping the (bounded) image of the utility
function « to the interval [0, 1], and Bayesian-network infer-
ence agorithms can be used to determine (the sequence of)
optimal decisions. In the VAP model, this mapping is very
straightforward, as there is only one decision to make (antibi-
otic therapy). The actual mapping is derived in Ref. [8].
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hospitalisation <5 days ward/ICU hospitalisation <5 days ward/ICU hospitalisation <5 days ward/ICU
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1.00 1.00 1.00
075 4 |-t -|- 075 — |- | -|- 075 4 |- | -|-
050 — |- -|- 050 — |- -|- 0.50 — |- | -|-
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3 : Pr(pneumonia) = 1.0 @ : Pr(pneumonia) = ?

Figure 5: Obtained predictions after entering information concerning duration of hospitalisation and mechanical ventilation.
Names of pathogens have been abbreviated (e.g. PA stands for Pseudomonas aeruginosa and SA for Staphylococcus aureus).
For each pathogen, the probability of colonisation and pneumonia are depicted, in that order.
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Figure 6: Architecture of the decision-support system that has been integrated with the clinical information system C2000 of
Eclipsys. CPR stands for Computer-based Patient Record system, i.e. C2000.
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4 Implementation and evaluation

A preliminary laboratory evaluation of the Bayesian network
and decision-theoretic model has been carried out, and yielded
promising results [8]. However, one of the magjor problemsin
the project has been the fact that VAP is hot commonly recorded
in C2000 by the ICU doctors, as VAP is never the reason for ad-
mission 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 hav-
ing 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
afashion that it supports carrying out clinical trials.

The overall architecture of the present decision-support sys-
temis shown in Figure 6. 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 modul e takes care of the com-
munication between C2000, Web clients (e.g. a Web browser
used by the doctors), and the Bayesian-network reasoning en-
gine. Hence, the decision-support system is accessible at every
bed workstation from the C2000 graphical user-interface, and
also from the hospital’sintranet by those granted accessto 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 en-
ter part of patient-specific information; most of the informa-
tion, 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 di-
agnosis 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
performanceis being measured [4].

5 Conclusion

We have attempted to convey an impression of the process un-
derlying the development and clinical deployment of a model-
based decision-support system that intends to assist medical
doctors in diagnosing VAP and selecting appropriate antimi-
crobial treatment for this disorder. The main advantages of
adopting a model-based approach from a biomedical point of
view are its versatility and strong links with how biomedical
peopl e think about problems. Also when data are not available,
or scarce, as was the case in the early phases of our project, it
is still possible to design a Bayesian network using subjective
estimates based on expert knowledge. The subjective estimates
can then be refined later when data become available.
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Providing access to the decision-support system from every
| CU-bed’ sworkstation was an essential prerequisitefor the suc-
cess of our project, aswasitsintegration with the clinical infor-
mation system C2000. In the clinical trail we plan to study the
effects of the system on the diagnostic and prescription perfor-
mance of |CU doctors.
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