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Abstract: Large amounts of data in hospitals lead to development of medical decision
support systems for hospitals so that diagnostic accuracy and costs are targeted. In this paper,
a C4.5 decision tree is analysed for the purposes of diagnosis of diabetes for Pima Indian
female patients who are at least 21 years old. The quality of the diagnosis is judged with the
aim of minimization of life-threatening situations and costs. Achieved experimental results
regarding the performance of the prepared system for diagnosis are provided.
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1. Introduction
Medical data mining is becoming a more and more used method for diagnosis as it can be
seen in the number of various recent papers published in this area (2)(11)(3)(4)(5)(6)(8)(9)
(10)(17)(20)(23)(24)(7)(18)(21)(12)(14)(15)(22)(16). The data mined there is somewhat
unique and may impose constrains and difficulties which are related to uncertainties,
heterogeneity, missing values, volume, privacy, and so on. Another issue is that medicine has
a special status as the outcomes of medical care are life or death. In addition to it, medicine is
necessary and is not just an optional luxury. For these reasons, there is an urgent need for
solutions and work by data mining and medical experts and society is prepared to participate
by allocations resources.
The specific work presented here is aimed at female Pima Indian patients who are at least 21
years old as these ones have 19 times higher diabetic rate than a typical person in Minnesota
(13). Precisely, a C4.5 decision tree is used for diagnosis of diabetes among the Pima Indian
females so that a general opinion of this technique is obtained and future analysis can be
possible. Previously known recent studies suggest that a C4.5 decision tree can be quick to
make and effective to classify medical data (3). On the other hand, its interpretability may be
somewhat limited as discretization of numerical attributes is done automatically and without a
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clinician’s opinion or it can have sharp boundaries which can cause unpredictable diagnosis.
However, the main aim here is its classification accuracy targeted at minimization of lifethreatening situations and minimization of costs in diagnosis of diabetes for the Pima Indian
females.
The paper is organized as follows. Section 2 describes the Pima Indians Diabetes Database
used for the experiments with the algorithm presented in Section 3. Section 4 shows the
results of experiments. Section 5 concludes the paper.

2. Pima Indians Diabetes Database
The data about female Pima Indian patients originally comes from the National Institute of
Diabetes and Digestive and Kidney Diseases, USA and it was obtained from the UCI
Repository (1)(19). The data is diagnostic with eight numerical variables and one binary class
variable and is whether the Pima Indian female patient living near Phoenix, Arizona, USA
shows signs of diabetes according to the World Health Organization. The data contains
information about 768 patients whose attributes are described in Table. 1. Class distribution is
500 negative patients and 268 positive patients.

Table. 1: Pima Indians Diabetes Database.
Attribute Type
Numerical
Numerical

Description
Number of times pregnant.
Plasma glucose concentration a 2 hours in an oral glucose
tolerance test.

Numerical

Diastolic blood pressure (mm Hg).

Numerical

Triceps skin fold thickness (mm).

Numerical

2-Hour serum insulin (mu U/ml).

Numerical

Body mass index.

Numerical

Diabetes pedigree function.

Numerical

Age (years).
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Whether the patient shows signs of diabetes according to
World Health Organization criteria. Categorical values:
Categorical

positive - positive test for diabetes,
negative – negative test for diabetes.

3. C4.5 decision tree
The decision tree method uses a C4.5 decision tree created on the basis of the Pima Indians
Diabetes Database containing 768 patients described in the previous section. The tree consists
of the following nodes (4): a) the root associated with an attribute
associated with an

; b) internal nodes

; c) leaf nodes associated with a categorical value defined for C (positive

or negative). At each node of the tree (except the leaf nodes), the attribute of the data that
most effectively splits its set of patients into subsets enriched in positive and negative is
chosen. The normalised information gain is used as the splitting criterion while the attribute
with its highest value is chosen to make the decision. Each non-leaf node has an outgoing
branch for each possible categorical value of

where these categorical values are created

automatically through discretization. The decision tree is pruned after creation so that some
branches are removed, which can improve the prediction power of the tree (especially when
all female Pima Indian patients are taken into consideration). Each non-leaf node in the
decision tree represents an attribute

for a patient to be diagnosed and each branch

represents a categorical value that the node can assume.
Diagnosis of a particular female Pima Indians patient is as follows:
Start at the root node, label the root node as current node, and do the following:
Look at the values associated with all outgoing branches of the current node. Move to
do node which is on the other side of the outgoing branch with the value that matches
the value given about the patient. Label the node where you just moved as the current
node. If this node is a leaf node, give the value associated with it as diagnosis.
Otherwise, repeat.

4. Experiments
The experiments were conducted using the Waikato Environment for Knowledge Analysis –
Weka (25), version 3.6.11, which is a tool developed by the University of Waikato, New
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Zealand. The C4.5 algorithm is implemented as class J48. The quality of the diagnosis was
measured with sensitivity = true positives / (true positives + false negatives), specificity = true
negatives / (false positives + true negatives), positive predictive value = true positives / (true
positives + false positives), negative predictive value = true negatives / (true negatives + false
negatives), and accuracy = (true positives + true negatives) / (true positives + true negatives +
false positives + false negatives). True positives, true negatives, false positives, and false
negatives were computed in 10-fold cross-validation. There should not be negative diagnosis
for patients with diabetes as this could lead to life-threatening situations (measured by
sensitivity). At the same time, there should not be a large number of patients labelled as
positive if they are negative because this would increase the running costs of the decision
support system (measured by specificity). As a consequence, the sum of sensitivity and
specificity measures both the life-threatening situations and the running costs of the system
where higher values are preferred.

Table. 2: Experimental results regarding the C4.5 decision tree.
Measure

Value

Sensitivity

0.63241106719

Specificity

0.79029126213

Sensitivity + Specificity

1.42270232932

Positive Predictive Value

0.59701492537

Negative Predictive Value

0.81400000000

Accuracy

0.73828125000

The results of conducted experiments with the decision tree are presented in Table. 2 where
sensitivity is 0.63241106719, specificity is 0.79029126213, and the sum of sensitivity and
specificity is 1.42270232932.

13

Journal of Information Technologies, Vol. 7, No. 1, 2014, ISSN: 1337-7467

5. Conclusions
A decision support system with a C4.5 decision tree was employed for diagnosis of Pima
Indian female patients. The data had 768 patients described by eight attributes. The accuracty
of the decision tree was evaluated in 10-fold cross-validation using sensitivity, specificity,
positive predictive value, and negative predictive value. As minimization of life-threatening
situations and minimization of running costs was targeted, the sum of sensitivity and
specificity was computed as sensitivity is associated with life-threatening situations and
specificity is associated with running costs. The best value of the sum is 2.0 and the worst
value of the sum is 0.0. The following values were obtained. Sensitivity was 0.63241106719,
specificity was 0.79029126213, positive predictive value was 0.59701492537, negative
predictive value was 0.81400000000, and the sum was 1.42270232932. A higher value of the
sum of sensitivity and specificity could possibly be achieved by incorporation of uncertainties
and notions of fuzzy logic into the C4.5 decision tree.
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