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Introduction

The department of Medical
Informatics at Maastricht University
was established in 1985 and serves the
faculties of Medicine and of Health
Sciences. We describe here the type
of education that the department of-
fers and discuss the research themes.

The department aims to contribute
to the curriculum and conductresearch
in various areas of Medical Informatics
such that future physicians will be
better equipped in their decision-mak-
ing process. With this broad missionin
mind, the department contributes to a
track devoted to the scientific educa-
tion of students; research also focuses
on electronic patient records and deci-
sion support.

Education

The educational system of the Uni-
versity of Maastricht is based on the
concept of problem based learning
(PBL) [1]. The aim of PBL is to
overcome drawbacks in the traditional
method of instruction, such as, the
passive role of students during lec-
tures, irrelevant subject matter in the
curriculum, lack of integration between
the disciplines, insufficient preparation
of the students for continuing their
postgraduate education and, of par-
ticular importance, the difficulties of
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graduates to apply in actual practice
what they have learned.

The Maastricht system is charac-
terized by self-study in which students
organize their own learning process.
Throughconsultation with lectures they
determine priorities and choices in or-
der to answer their own questions.

Students work in small tutorial groups
(about 10 students), remaining together
foroneblock period (4-6 weeks), meet-
ing twice a week for 2 hours and with
two days free for individual study.
Group tasks provide the basis for the
learning process, applying a seven-
step-approach to solve the tasks [1].

During each block, one theme re-
lated to subjects from different disci-
plines is discussed enabling students to
experience the importance of interdis-
ciplinary knowledge for the understand-
ing of problems.

The department of Medical
Informatics participates ina number of
blocks in both faculties. In the Faculty
of Medicine first year students are
acquainted with the principles of
searching the Web. Practicals deal
withdecision analysis, epidemiological
concepts (e.g. prevalence, sensitivity,
predictive value, and Bayes’ rule), the
application of protocols, etc.

In the Faculty of Health Sciences
the department contributes to technol-
ogy assessment, signal analysis, the
electronic medical record, evaluation
of clinical information systems, inno-

vations of care, etc. [2,3]. Practicals
deal with decision trees, Bayes’ rule,
simulation of bio-medical processes,
simulation of workflow planning [4],
etc. In addition, students gain skills in
the use of Windows, Internet, word
processing, databases and spread-
sheets.

Students can opt to write a thesis on
an information management subject,
either by means of literature study but
usually by conducting their own re-
search for about six months.

The department also organizes sev-
eral courses in health informatics [5].
Furthermore, department members
wereinvolved indefining (inter)national
curricula in the Netherlands [6] and in
Europe {7,8]. The department also
contributes to the master courses in
Medical Informatics given in Prague
and Athens.

Research

In the Netherlands, academic re-
search is largely concentrated in so-
called research institutes. Individual
departments can contribute to differ-
ent research institutes. The research
has to fit the goals of these institutes.
Since we participate in different insti-
tutes our research was mainly focused
on image analysis, decision support
and the electronic patientrecord. These
topics are described below.
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Image analysis of marker image positions in time. than 90% of the markers,

Several departments study cardiac
mechanics in relation to ischemia. A
prerequisite for such studies is accu-
rate measurement of regional motion
and deformation of the myocardium
with sufficient resolution in space and
time. Regional motion and deforma-
tion can be measured by following
markers attached to the heart in a
sequence of images. Several tech-
niques allow to measure local defor-
mationinclosed-chestexperiments. A
method using radiopaque markers in
combination with an X-ray stereo cam-
era set-up was further developed.
Radiopaque markers implanted in the
myocardium serve as identifiable points
to measure heart motion. With this
technique accurate 3-D motion data
of the heart with sufficientresolutionin
space and time in closed-chest dog
experiments can be obtained, and the
method can also detect deformation
overmore than one cardiac cycle, e.g.,
fordetecting gradual cardiac dilatation.
ormyocardial growth.

When aset of implanted radiopaque
Markers is observed in time by two
Cameras simultaneously in an X-ray
Stereo set-up, two sequences of video
?MCS, each frame containing marker
nages, are obtained. After detection
of the marker images a set of marker
Positions is available in each frame.

Tom these data the marker trajecto-

Ties canbe reconstructed: the sequence
) e—

When a large set of radiopaque
markers is attached to the heart wall,
their movements are not independent.
Therefore, the movement of each
marker can be represented as a
weighted sum of common motion com-
ponents with noise added to it. When
the marker trajectories are represented
by amatrix, a singular value decompo-
sition (SVD) algorithm can be de-
signed that removes noise while not
detracting from the ‘real’ motion part.
This results in more accurate position
information.

The SVD model was also used to
estimate missing data or to extrapolate
a set of partly known marker tracks. It
could be shown that by iteratively us-
ing the accurate extrapolations of partly
known marker tracks which are ob-
tained by the application of the SVD
model, the markers can reliably and
automatically be tracked despite com-
plications caused by crossing tracks
and missing marker image positions.

The results are described in several
papers [9-11] and can be summarized
as follows.

For a heart of diameter 70 mm with
20-100 markers attached to it, and
using video image sequences of 50
frames (256 x 256 pixels, standard
deviation marker position noise: 0.5
pixel) application of the described
methods results in:

- anoise reduction of 50%-70%,
- correct automatic tracking of more

- automatic identification of 20-70
stereo pairs of tracks (with the
noise reduced to 0.25 pixel up to
100 stereo pairs of tracks can be
correctly identified),

- a3-Dreconstruction error of 1-0.3
mm.

The developed methods are gener-
ally applicable and have been success-
fully applied in several research areas:
- tracking distinct points (number:

+120) in tagging patterns when
measuring deformation of the hu-
man heart by the use of MRI tag-
ging techniques [12,13],

- measuring 3-D deformation of hy-
pertrophic dog hearts in long-term
(several months) physiological ex-
periments using 14 implanted ra-
diopaque markers that are observed
by X-ray [14],

- measuring 3-D deformation of skel-
etal muscle in physiological experi-
ments using large amounts (70-
150) of polystyrene optical mark-
ers (0.5 mm diameter) attached to
the outer surface of the muscle
(15}

Decision Support

The decision-support research of
the department focuses on four differ-
enttopics:

- Interpretation of medical data
- Predictive models
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- Therapeutic advice
- Validation.

The investigations aim to assess the
feasibility of several types of decision-
support methods in a number of do-
mains. Different knowledge acquisi-
tiontechniques were also investigated.

We describe projects in each of
these areas. Table 1 shows the domain
in which the system was used, the
knowledge representation and the
knowledge acquisition techniquesused.

Interpretation of Medical
Data

This topic concerns the interpreta-~
tion of digitally-stored medical data.
Methods and systems are developed
for this purpose.

Vascular laboratory

The first decision-support project
was NIVTIS (Non-Invasive Vascular
Test Interpretation System) a system
for the interpretation of data collected
inthe vascular laboratory [16]. NIVTIS
had to interpret both blood pressure
(BP) data and the subjective interpre-
tation of Doppler sounds recorded at
the lower extremities. Also BP data
recorded before and after a treadmill
exercise had to be taken into account.

We interviewed technicians to gain
knowledge on the interpretation of the
data. The BP data recorded before
and after exercise were a specific
challenge as they are normally plotted
on a graph and the resulting curve is
described. To arrive at more objective
criteria for interpretation two techni-
cians graded 400 curves on a five-

point scale, independently from each .

other. Cases on which they agreed
were used to derive a classification
tree from some parameters that char-
acterized the curves. A non-paramet-
ric partitioning algorithm was used [17].

Cases that could not be correctly:

classified by the tree, as well as those

on which the technicians disagreed,
were resubmitted to the technicians
for a second round of scoring. Feed-
back was given on the previous
scorings. This procedure was repeated
and after three rounds, the remaining
discrepancies were discussed, result-
ing in 400 curves with an agreed upon
grade. From this set a final classifica-
tion tree was derived.

This project clearly demonstrated
the value of Delphi-like techniques and
the contribution of non-parametric data
analysis to knowledge acquisition.

Pathology

In the Netherlands, pathology re-
ports, coded in SNOMED, are cen-
trally stored and managed. However,
the codes are not always correct or
complete and inter-individual differ-
ences between pathologists exist. To
investigate this further we gave each
of six groups of three pathologists a set
of 40 pathology reports. Each report
was accompanied by five different
SNOMED code lines. The quality of
each code line was rated by the three
pathologists. Only in 54% of the cases
did all three experts give the same
rating, indicating different opinions as
to what constitutes correct and com-
plete codes.

De Bruijn etal. compiled adatabase
of coded pathology reports. Methods
from information science were used to
represent eachreport. All reports were
transformed to a list of words. Afterall
different words from all reports were
determined, each report could be rep-
resented as a word vector. Each di-
mension of this vector indicates
whether the word, that the dimension
corresponds with, was indeed present
in the report. The value can be either 1
(word present in the report) or O (word
not present). The discriminative value
of a word can be assessed by giving a
word that appears in many other re-
ports in the database a lower score.
The similarity of two reports can be
obtained by computing the in-product

—4
of the corresponding vectors. A newly
entered report can then be compareq
to those already in the database. It wag
shown that in about 85% of the caseg
atleast onereport havinga SNOMED
code line appropriate for the new re-
port, could be found among the five
most similarreports[18,19]. Whenthe
code lines belonging to these five re-
ports were presented to the patholo-
gists the uniformity in coding increased
by about 10%.

Surgery

A non-parametric partitioning algo-
rithm [17] was applied to determine
the rules to be used in an intelligent
alarm system. The goal of the study
was to investigate whether the knowl-
edge base of intelligent alarm systems
can be obtained from mathematical
models, asanalternative toelicitknowl-
edge from human experts. As a medi-
cal problem domain, monitoring the
mechanical ventilation of anesthetized
patients was chosen, because several
intelligent alarm systems exist in that
area allowing to compare the perfor-
mance of the new technique with those
already developed. Twodifferent types
of ventilator systems were modeled.
Using the models, the signals usually
measured at the ventilator could be
obtained by simulation and the conse-
quences of system faults (e.g. leaks
and obstructions) could be studied.
From the signals relevant parameters
were derived, which were analyzed
with the inductive machine learning
program [17]. This resulted in a num-
ber of classification trees which were
assessed using data obtained from 15
ventilated dogs and two goats. In the
ventilators, leaks and obstructions were
introduced. With the classification trees
93 to 99% of the mishaps were de-
tected correctly with a minimal false.
positive error rate (mostly less than
0.2%). It was concluded that rules
determined from simulated signals are
as good as the rules determined vi2

. animal experiments [20,21].
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=
predictive Models

Predictive models can be used to
fgcrease the efficiency of medical prac-
tice. By predicting the (normal) out-
come of anendoscopic examination or

a test on the basis of available patient -

data, the number of unnecessary ex-
aminations or tests may be reduced.

Gastro-enterology

The discriminative value of patient
gharacteristics and dyspeptic symp-
toms for upper gastrointestinal endo-
scopic diagnoses was studied to as-
sess the possibility to predict the pres-
ence of clinically relevant endoscopic
findings in patients referred for diag-
postic upper gastrointestinal endos-
copy. The possibility to distinguish pa-
tients with specific endoscopic diag-
noses from those with a normal endo-
scopy was also investigated. Both lo-
gistic regression and a non-parametric
partitioning algorithm [17] were ap-
plied to predict upper gastrointestinal
endoscopic findings. It was concluded
that it is possible to reduce the number
ofexaminations by approximately 20%
without missing any relevant endo-
scopic diagnoses based on the predic-
tion of the endoscopic findings [22-
24].

Family Practice

Another study focused on the re-
duction of inadequate TSH test re-
quests by GPs. The hypothesis was
that patient characteristics would al-
low to predict whether the TSH test
result would be positive or negative,
thus avoiding TSH test requests that
Would produce negative results. A
Patient questionnaire containing 54
qQuestions about signs and symptoms
f)bserved inthyroid disorders was filled
by 668 patients. Since the number of
hypothyroid patients was too small, an
strument was developed that pre-
dicted the probability of a positive test
result (for hyperthyroidism). Stepwise
logistic regression was performed re-

sulting in a regression coefficient for
each relevant sign and symptom. On
the basis of these coefficients a scor-
ing system was developed. Only a
limited number of signs and symptoms
proved to be predictive for the test
result.

The quality of the instrument was
evaluated on the same population us-
ing a grouped Jackknife Method. With
a sensitivity of 100% a test reduction
of 24% was achieved [25].

Therapy Advice
Traumatology

Vissers et al. developed a passive
automated  protocol system

ProtoVIEW for use in a traumatology
department for treatment support. They
investigated the effect of optional and
mandatory protocol consultation on
protocol adherence. It was shown that
mandatory protocol consultation led to
a 19% overall increase in protocol
adherence. The diagnostic accuracy
of both the intervention group (manda-
tory using ProtoVIEW) and the con-
trol group (optionally using a protocol
book, containing the same information
as ProtoVIEW) was equal
(ProtoVIEW supported therapy and
not diagnosis). Complete protocol ad-
herence was in both groups higher for
cases diagnosed correctly (59% with
computer support and 26% without)
than for cases diagnosed incorrectly
(35% with and 24% without computer
support). Complete protocol non-ad-
herence was lower for cases diag-
nosed correctly (8% withand 7% with-
out computer support) than for cases
diagnosed incorrectly (35% with and
48% without computer support). The
residents involved in the study were
alsoasked how certain they were about
their diagnosis and treatment. Since
residents were sure or very sure about
99% of their diagnoses and about 92%
of their therapies it was concluded that
aprotocol system will not be consulted

when the system is not integrated with
an EPR system [26-28]. A direct cou-
pling with an EPR was therefore
needed for the ProtoVIEW system.
Therefore, ProtoVIEW was upgraded
making use of Web technology and is
now a combination of an EPR and a
protocol system [29].

Neurology

In another study an expert system
was developed for prescribing anti-
epileptic drugs. To evaluate the pre-
scriptions of the expert system a gold
standard was needed. The prescrip-
tions of five neurologists were used to
determine a gold standard. It appeared
thatneurologists did not uniformly pre-
scribe these drugs (kappa values <
0.4). The non-parametric partitioning
algorithm was used to deduce the ra-
tionale of the neurologists when pre-
scribing. The expert system was evalu-
ated in several ways. It was concluded
that the expert system was at least as
good as each individual neurologist
when the majority decision concerning
the prescription was used as a gold
standard [30].

Validation

A common issue in any research on
ICT applications in medicine is their
evaluation. Our department has been
active in various EU-funded projects
thatdeveloped and applied methodolo-
gies forevaluation of ICT, in particular
of knowledge-based systems, in medi-
cine [31-33].

In addition, we have co-responsibil-
ity forthe ATIM and VATAM projects,
also funded by the EU. The objective
of the ATIM project was to make an
inventory of existing methodologies,
particularly in the domains of imaging
workstations and knowledge-based
systems. This has resulted in what is
known as the “ATIM handbook™ [34],
which contains sections (written by
various authors) dealing with method-
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ological issues and with assessment
studies. Based on the results of ATIM,
the VATAM project aimed to develop
guidelines for assessment of ICT in
health care. Eight projects from the
Health Sector of the EU funded
Telematics Application Programme of
the 4® framework program acted as
users in the VATAM project. They
defined their needs with respect to
guidance in evaluation. Itbecame clear
that no single methodology can cover
all aspects of applications of ICT in
healthcare (the eight projects covered
diverse issues such as EDI,
middleware, tools for protocol based
decision support, smart-card applica-
tions, clinical workstations).

The end result, which is also avail-
able on the VATAM webserver, is a
checklistthat will guide the user through
a series of steps that address the issues
that are relevant for setting up an
assessment study [35].

Inaddition, the VATAM webserver
contains a repository of information
that is relevant for assessment studies
[36]. This searchable repository con-
tains definitions of terms related to
assessment, description of assessment
activities in projects, relevant litera-
ture, descriptions of tools for assess-
mentand descriptions of validated ques-
tionnaires that deal with e.g. the cogni-
tive and ergonomic aspects of assess-
ment. Visitors to this website can add
information to thisrepository. The aim
is to maintain and expand this website
as an activity in IMIA’s WG 15 on
Technology Assessment

The Electronic Patient
Record

The electronic patient record is an

important research topic. Whereas
other groups have focused on e.g.
structured data entry, our studies ini-
tially focused on retrieval aspects. In
particular, how searching information
from medical narratives can be facili-

tated by optimizing the structure of an
EPR. An experimental EPR was de-
veloped allowing medical narrativesto
be viewed with different granularities.
Three types of medical record struc-
ture were used in the study. A struc-
ture with coarse granularity which re-
sembles the traditional medical record,
presenting medical history, physical
examination, and progress notes as
undivided paragraphs. A structure with
intermediate granularity, in which medi-
cal history and physical examination
are divided according to organ-system
and progress notes are partitioned into
problem sections using subject head-
ings. Finally a structure with fine granu-
larity, in which medical history and
physical examination are divided into
single questions and examinations, and
progress notes are, again, partitioned
into problem sections.

Data of three patients were ex-
tracted from the paper record. Each
patient was hospitalized for more than
three weeks and at least 10 different
active medical problems were recog-
nized,-of which at least three were
manageable with only basic knowl-
edge of internal medicine. In total 36
internists were asked to answer 19
questions about the three patients. The
internists were given enough time to
answer the questions. A cross-over
design for three treatments was used
to compare the effect of the three
different granularities on the time
needed to answer the questions. With
the intermediate granularity the time
needed for searching was reduced by
13% compared with the coarse granu-
larity for medical history and physical
examination. When comparing undi-
vided progress notes with progress
notes partitioned into problem sections
atime gain of 22% was obtained. From
the study it was concluded that context
is very important when searching for
information and that the use of head-
ings corresponding to organ systems is
more efficient than the use of headings
that indicate each question or exami-

nation result separately. When devel.
oping EPR systems, therefore, not only
should the data entry forms be givey
appropriate attention but also the way
in which the stored data are later pre.
sented to the user [37-39].

In this study the patient data were
entered and presented in free text,
When coupling decision-support sys-
tems with EPRs the use of a controlled
vocabulary is indispensable. It is, how.
ever, still debated which data should be
stored (should e.g. all basic data used
by the physician to diagnose a patient
be entered, or only the diagnosis and a
few relevant data). Further research is
needed to answer this question.

Discussion

We have explained the different
approaches to education at our univer-
sity and the role the Medical
Informatics department plays in this
educational environment. Inaddition,a
number of our research projects have
been presented. It should be noted that
most of the studies were carried out in
collaboration with a clinical counter-
part.

As stated earlier, the research top-
ics have to fit research areas defined
by the research institutes. Because of
this some other research topics are
also pursued that differ in content from
the above projects. One study, for
example, dealt with decision support
for planning clinical laboratory capac-
ity [40]; in this case modeling and
simulation is the main issue. Other
topics include the development of a
graphical browsing tool that supports
information retrieval [41,42], and the
specification and assessment of meth-
ods supporting the development of
neural networks in medicine [43-45].
We will not discuss these topics in
detail but refer the reader to the litera-
ture for more information.

We decided to concentrate our fu-
ture research mainly on the various
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L nects of the EPR. Both the EPR
i oIf and decision-support systems that
&4 support physicians will be devel-
% od and their influence on the work of
" physician will be studied.
¥ From our research it can be con-
oluded that machine learning is a use-
means to obtain rules that can be
L.mbedded in an expert system. An-
~ther issue is that physicians usually do
not like pro-active systems, since these
systems reduce the role of the physi-
cian to that of data entry. Decision-
support systems should, therefore, be
directly coupled to an EPR. Our cur-
rent research deals with this topic.
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