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Abstract

This paper presents insightful analysis of med-
ical data collected in regular hospital practice.
The domain consists of patients suffering from
brain ischaemia, either permanent as brain at-
tack (stroke) with positive computer tomography
(CT) or reversible ischaemia with normal brain
CT test. The goal of the analysis is the extraction
of useful knowledge that can help in diagnosis,
prevention and better understanding of vascular
brain disease. The work demonstrates the appli-
cability of subgroup rule induction as the basis
for insightful data analysis and describes intel-
lectual process of converting rules into reason-
able medical concepts. Detection of coexisting
risk factors, selection of relevant discriminative
points for numerical descriptors, as well detec-
tion and description of characteristic patient sub-
populations are important results of the analysis.
Graphical representation is extensively used to il-
lustrate the detected regularities.

1 Introduction
Data analysis in medical applications is characterized by
the ambitious goal of extracting potentially new relation-
ships from the data, and providing insightful representa-
tions of detected relationships. Applications of quantitative
statistical methods seldom lead to insightful results, leaving
a large workload on the human experts who have to provide
appropriate interpretations of results, with no guarantees
that—due to a huge search space of possible solutions—the
most relevant combinations have been tested at all[Fayyad
et al., 1996]. The goal of intelligent data analysis is to ef-
fectively detect most relevant dependencies in an explicit
qualitative form and to enable that quantitative analysis
and human expert interpretation can concentrate on a rel-
atively small set of potentially relevant hypotheses. This
approach is specially suited for medical data analysis, as
large amounts of available medical expert knowledge allow
for appropriate interpretation of detected relations.

This work demonstrates that rules induced by the exist-
ing methodology of supervised subgroup discovery[Gam-
bergeret al., 2003] can serve as an appropriate basis for
data analysis, if supplemented by the sufficient intellec-
tual effort of medical experts, willing to convert machine-

induced rules into adequate medical interpretations. The
proposed approach, applied to a typical database collected
in regular hospital practice describing brain ischaemia pa-
tients, is used to illustrate this expert-guided approach to
knowledge discovery. The next section presents the prob-
lem domain. Section 3 presents the proposed data analysis
approach leading to insightful knowledge, interpreted by
medical specialists in Section 4.

2 Brain ischaemia data
The database consists of records of patients who have been
treated in the Intensive Care Unit of the Department of
Neurology, University Hospital Center ”Zagreb”, in Za-
greb, Croatia during the year 2003. In total, 300 patients
are included in the database: 209 with the confirmed diag-
nosis of brain attack (stroke), and 91 patients who entered
the same department with adequate neurological symptoms
and disorders, but were diagnosed (based on the outcomes
of neurological tests) as patients with transition ischaemic
brain attack (TIA, 33 patients), reversible ischaemic neu-
rological deficit (RIND, 12 patients), and serious headache
or cervical spine syndrom (46 patients). In this paper, the
goal of data analysis experiments is to discover regularities
that characterize brain stroke patients.

Patients are described with 27 different descriptors rep-
resenting anamnestic data, physical examination data, lab-
oratory test data, ECG data, CT test result and information
about previous hospital therapies. Descriptors used in the
analyses are listed in Table 1.

It must be noted that the control group does not con-
sist of healthy persons but patients with serious neurolog-
ical symptoms and disorders. In this sense, the available
database is particularly appropriate for studying specific
characteristics and subtle differences that distinguish pa-
tients with stroke. The detected relationships can be ac-
cepted as true characteristics for these patients. However,
the computed evaluation measures—including probability,
specificity and sensitivity of induced rules—only reflect
characteristics specific to the available data, not necessarily
holding for the general population or other medical institu-
tions[Victor and Ropper, 2001].

3 Data analysis process
This section presents the data analysis process, using rules
induced by the SD subgroup discovery algorithm[Gam-



Descriptor Abbreviation
sex (f,m) sex
age (years) age
family anamnesis (n,p) fhis
present smoking (y,n) smok
stress (y,n) str
alcohol consumption (y,n) alcoh
systolic blood pressure sys
cont. (mmHg) normal value< 139 mmHg
diastolic blood pressure dya
continuous (mmHg)
normal value< 89 mmHg
uric acid ua
continuous (µmol L−1)
ref. value for men< 412 ref.
value for women< 380
fibrinogen fibr
continuous (g L−1) ref. value 2.0-3.7
glucose gluc
continuous (mmol L−1) ref. value 3.6-5.8
heart rate ecgfr
continuous ref. value60 − 100 /min
atrial fibrillation (y,n) af
left ventricular hypertrophy (y,n) ecghlv
aspirin therapy (y,n) asp
anticoagulant therapy (y,n) acoag
antihypertensive therapy (y,n) ahyp
antiarrhytmic therapy (y,n) aarrh
statins (antihyperlipoproteinaemic t.) stat
yes, no
hypoglycemic therapy hypo
none, yesO (oral), yesI (insulin)

Table 1: List of most relevant descriptors in the brain is-
chaemia domain with abbreviations used in induced rules.
Included are also reference values representing the range
typically accepted as normal in the medical practice.

bergeret al., 2003]. The process begins with a set of
rules that are obtained by repetitively applying the SD algo-
rithm with different generalization parameter values. In the
experimental setting determined for the ischemia domain,
the process of expert-guided subgroup discovery was per-
formed as follows. The SD algorithm was run for values
g in the range 5 to 100, and a fixed number of selected
output rules equal to 3. The rules induced in this iterative
process were shown to the expert for selection and inter-
pretation. The intention of this paper is to illustrate what
type of insights are possible by the analysis based on indi-
vidual rules and what can be additionally obtained if rules
are analysed in groups. The SD algorithm,1 described in
detail in [Gambergeret al., 2003] is—due to paper length
restrictions—out of scope of this paper.

The basic characteristic of the presented approach is su-
pervised learning of subgroup defining rules that character-
ize the target (positive) class cases (in this domain stroke

1The algorithm is available as part of the publicly available
Data Mining Server at http://dms.irb.hr, and can be used to induce
rules for domains with up to 250 cases.

cases) in contrast to cases in the non-target (negative or
control) class (in this domain transitory ischaemia cases).
This means that examples of two classes have to be avail-
able. Sometimes the decision about what is the target class
is not simple and the complete data analysis process can
have a few task definitions with different choices of target
and non-target classes. For example, in the same brain is-
chaemia domain the target class could be also patients with
stroke taking some therapy, and the non-target class being
stroke patients not taking the therapy. In this setting, the
process of data analysis is far from completely automatic.
Moreover, the process should be sometimes repeated for
different subpopulations with specific properties, like sex
or age range, or with different subsets of descriptors. In
this section we demonstrate only the process performed
for the complete database with patients who experienced
stroke selected as the target class. We have performed a
series of experiments also with patients separated in differ-
ent age and sex groups, some of them also with reduced
descriptor sets. Although the results are very interesting,
specially due to the possibility of the comparative analysis
of rules, they are not included in this paper due to space
restrictions.

4 Results of rule analysis
Table 2 presents rules generated for the class stroke. There
are in total 15 rules, three for each of the five selectedg-
values in the range5 ≤ g ≤ 100. By selecting a lowg-
value, the subgroup discovery algorithm tends to construct
very specific rules with relative low sensitivity. With the in-
crease of theg parameter the sensitivity typically improves
at the cost of decreased specificity. The sensitivity and the
specificity values for each rule are given in columns 3 and
4, respectively. The last column indicates the overlap be-
tween the current rule and one/two rules induced previously
for the sameg-value. The overlap value is defined as the
number of positive cases that are covered both by the cur-
rent rule and the previously generated rule(s) divided by the
number of positive cases covered by either the current rule
or the previosly generated rule(s), whichever is the smaller.
Low overlap values mean relative independence between
the rules.

Because inductions with different generalization param-
eters are independent, there is a possibility that the same
rule (e.g. ahyp=yes) is induced with different generaliza-
tion parameter values. The order of rules in each group is
the order selected by the algorithm and it is determined by
the rule quality value and the rule covering properties.

4.1 Analysis of individual rules
The interpretation of induced rules starts by independent
interpretation of each individual rule. There is no apriori
preference of either more specific or more sensitive rules.
Highly sensitive rules, like those induced with parameter
g = 100 describe general characteristics of the target class.
In the given domain we see that stroke is characteristic for
middle aged or elderly population(age > 52.00), that peo-
ple with the stroke typically have normal or increased dyas-
tolic blood pressure(dya > 75.00), and that they have al-
ready detected hypertension problems and take some ther-
apy (anti-hypertension therapy yes). We also see that the



Ref. Rule
Sens. Spec. Overlap

generalization parameter value 5
g5a (fibr > 4.55)and(str = no)

25% 100% -
g5b (fibr > 4.45)and(age > 64.00)

41% 100% 94%
g5c (af = yes)and(ahyp = yes)

28% 95% 36%
generalization parameter value 10
g10a (fibr > 4.45)and(age > 64.00)

41% 100% -
g10b (af = yes)and(ahyp = yes)

28% 95% 34%
g10c (str = no)and(alcoh = yes)

28% 95% 67%
generalization parameter value 20
g20a (fibr > 4.55)

46% 97% -
g20b (ahyp = yes)and(fibr > 3.35)

65% 73% 71%
g20c (sys > 153.00)and(age > 57.00)and(asp = no)

45% 88% 80%
generalization parameter value 50
g50a (ahyp = yes)

74% 54% -
g50b (fibr > 3.35)and(age > 58.00)

79% 63% 76%
g50c (age > 52.00)and(asp = no)

64% 63% 96%
generalization parameter value 100
g100a (age > 52.00)

96% 20% -
g100b (dya > 75.00)

98% 8% 98%
g100c (ahyp = yes)

74% 54% 100%

Table 2: Rules induced for generalization parameterg val-
ues in the range[5,100]. Presented are their sensitivity and
specificity values measured on the available data set as well
as their overlap with previouly induced rule(s) in the same
g-value group.

selected boundary values are relative low (52 years for the
age and 75 mmHg for the dyastolic pressure) which is due
to the fact that the rules should satisfy a large number of
cases. This is the reason why the rules are not applicable as
decision rules but they give useful descriptive information
about the target class.

Expert interpretation of each individual rule is essen-
tial for the generation of useful knowledge. For example,
the interpretation of rules like(age > 52.00) or (dya >
75.00) is straightforward. In contrast, the interpretation of
the rule(ahyp = yes) could lead to the conclusion that an-
tihypertensive therapy itself is dangerous for the incidence
of stroke. A much better interpretation is that hyperten-
sion is dangerous and because of that people with detected
hypertension problems, characterized but the fact that they
already take antihypertensive therapy, have larger proba-
bility of having a stroke. Indirectly, this rule also means
that we have little chance to recognize the danger of high

Figure 1: The proportion of patients with brain attack
(stroke) in dependence of the total number of patients in the
hospital department presented separately for patients with
and without antihypertensive therapy for different systolic
blood pressure values.

blood pressure directly from their measured values because
many serious patients have these values artificially low due
to a previously prescribed therapy. This is a good example
of expert reasoning stimulated by an induced rule. In this
situation we try to answer the question how the probabil-
ity of stroke with respect to the transitory ischemia cases
changes with the increasing systolic blood pressure. From
the rule we have learned that we should compare only pa-
tients without anti-hypertension therapy. The result is pre-
sented in Figure 1. It can be noticed that the probability
of stroke grows significantly with the increase of systolic
blood pressure. The same dependency can be drawn also
for the patients with the therapy. The differences between
the two curves are significant and a few potentially relevant
conclusions can be made. The first is that antihyperten-
sive therapy helps in reducing the risk of stroke: this can
be concluded from the fact that the probability of stroke
is decreasing with the decrease of systolic blood pressure
also for the patients with the therapy (as long as the sys-
tolic blood pressure is not lower than 130 mmHg). But it is
also true that for systolic blood pressure between 130 and
170 mmHg the probability of stroke is significantly higher
for patients with recognized hypertension problems than
for other patients. The interpretation is that also in cases
when successful treatement of hypertension is possible, the
risk of stroke still remains relatively high and it is higher
than for patients without hypertension problems.

As noticed earlier, very general rules are good for ex-
tracting general properties of the target class. In contrast to
that, very specific rules induced by generalization param-
eter values 5 or 10 are good as classification rules for the
target class. For example rule g5c(af = yes)and(ahyp =
yes) well reflects the existing expert knowledge that hy-
pertension and atrial fibrillation are important risk factors
for the stroke. The rule is significant as it emphasizes the
importance of the combination of these two risk factors,
what is not a generally known fact. The relevancy of de-
tected correlation is illustrated in Figure 2. It shows that
the probability of stroke is at least 85% in the age range 55
- 80 years for persons with both risk factors measured on
the available hospital population. We can not estimate this



Figure 2: Probability of stroke in dependence of patient age
presented for all patients in the available hospital popula-
tion (thick line), probability of stroke for persons with hy-
pertension problems, with atrial fibrillation problems, and
with both hypertension and atrial fibrillation problems (thin
solid lines). The percentage of patients with both risk fac-
tors is about 20-25% for the available hospital population
(dashed line). The curves are drawn only for the range with
a sufficiently large numbers of patients in the database.

probability on the general population but we can assume
that it is even larger. The observation might be important
for prevention purposes in general medical practice, espe-
cially because both factors can be easily detected.

Other two rules induced forg-value equal 5 contain con-
ditions based on the fibrinogen values about 4.5 or more
(reference values for negative fibrinogen finding are in the
range 2.0 - 3.7g · L−1). The rules without doubt demon-
strate the importance of high fibrinogen values for the
stroke patients. In the first rule the second necessary con-
dition is the absence of stress, while in the second rule
the second condition is age over 64 years. The interpre-
tation of the second rule is relatively easy, leading to the
conclusion that fibrinogen above 4.5 is itself very danger-
ous, which is confirmed also by rule g20a, being especially
dangerous for elderly people. The interpretation of rule
(fibr > 4.55)and(stres = no) is not so easy because
it includes contradictory elements ’high fibrinogen value’
and ’no stress’, knowing the fact that stress increases fib-
rinogen values and increases the risk of stroke. The first
part of the interpretation is that ’no stress’ is characteristic
of elderly people and this conclusion is confirmed by the
high overlap value of rules g5a and g5b (see the last col-
umn for the g5b rule). The second part of the interpretation
is that high fibrinogen values can be the result of stress and
such fibrinogen is not as dangerous for stroke as fibrinogen
resulting from other changes in the organism.

From the rules induced with generalization parameter
values 10–50 we notice that conditions on age and fibrino-
gen values repeat often, confirming already made conclu-
sions about their importance. Also they suggest much more
reasonable boundary values for the numerical descriptors
(age over 57 or 58 years, fibrinogen over 3.3, systolic blood
pressure over 153) which, if different from generally ac-
cepted reference values, can initialize research in the direc-
tion of accepting them as new decision points in medical
decision making practice.

Figure 3: The probability of stroke in dependence of patient
age presented for patients taking aspirin as the prevention
therapy, and the probability of stroke for patients without
this therapy. The percentage of patients with the aspirin
therapy is presented by a dashed line.

Also rules in this middle range of parameterg stress rel-
evant relations among different descriptors like(ahyp =
yes)and(fibr > 3.35) or (age > 52.00)and
(asp = no). The later rule stimulated the analysis pre-
sented in Figure 3 which seems as excellent motivation for
patients to accept prevention based on aspirin therapy. It
can be easily noticed that the inductive learning approach
correctly recognized the importance of the therapy for per-
sons older than 52 years.

4.2 Analysis of rule groups
Besides the possibility to analyse each rule separately,
combinations of co-occurring rules can give some addi-
tional information. In this respect it is useful to look at
the overlap values of rules. A good example is a group of
three rules induced forg-value 10. These rules have low
overlap values, meaning that they describe relative diverse
subpopulations of the target class. Their analysis enables
global understanding of the hospital population in the In-
tensive Care Unit of the Neurology Department. Results of
the analysis are presented in Figure 4.

The figure graphically and numerically illustrates the im-
portance of each population subgroup and its overlap with
other subgroups. The textual description is also important,
reflecting the results of basic statistical analysis (mean val-
ues of age and fibrinogen, as well as sex distribution) for
the subpopulation described by the rule, followed by the
so-called supporting factors. The supporting factors are
those descriptor values that are characteristic for the sub-
population in contrast to the cases in the negative class.
The importance of these factors lies in the fact that they
can help to confirm that a patient is a member of a subpop-
ulation, also giving a better description of a typical member
of a subgroup. The results show that the induced subgroups
describe three relatively different types of stroke among el-
derly people (mean age between 70 and 75 years).

The largest subgroup can be calledelderly patients; it is
characterized by extremely high fibrinogen values (mean
value 5.5) and increased glucose values (mean value 8.4).
In most cases these are women (about 70%) that do not
smoke, do not suffer from stress, and do not have prob-
lems with lipoproteins. Very different is the subpopula-



Figure 4: Comparative study of three important subgroups ofstroke patients detected by rules induced with generalization
parameter value 10. The large circle presents the stroke patients, negative cases are outside the large circle. Small circles
present three detected subgroups. One of them includes onlypositive cases while the other two include also a small part of
negative cases. The numbers present the percentages of patients that satisfy the conditions of one, two, or all three rules.
In total, 68% of positive cases are included in at least one subgroup. The definitions of patient groups (in bold-face letters)
are followed by a list of most relevant properties that characterize the patient group. The list ends with the expert’s name
given to the group (in bold-face letters).

tion that can be calledpatients with serious cardiovascular
problemscharacterized with diagnosed hypertension and
atrial fibrillation. It is a mixed male-female population.
Its main characteristic is that they typically receive many
different therapies but still they have increased—but inside
reference—heart rate frequency (about 90) and acid uric
(about 360). In between these two populations—in terms of
age—is a subpopulation that can be calleddo-not-care pa-
tientscharacterized by alcohol consumption and no stress.
It also a mixed male-female population characterized only
by the increased glucose values of laboratory tests. It seems
as these people would have the largest chance not to be
among patients with stroke because their relevant property
is negative family history. Their do-not-care attitude is vis-
ible also from not taking aspirin as the prevention therapy.

Conclusions

This work demonstrates that rules induced by the subgroup
discovery methodology can be an appropriate starting point
for data analysis leading to insightful descriptions of the
available data. The extensive presentation of the analysis
process intends to illustrate the intellectual effort necessary
to convert the induced rules into reasonable medical knowl-
edge. Special attention was devoted to the selection of ap-

propriate visualization, enabling effective and convincing
presentation of obtained results. The paper demonstrates
that this type of data analysis, besides expert knowledge,
requires also a lot of human imagination. Further work is
expected in developing the methodology which could be
used for semi-automated insightful data analysis.
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