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COMPARATIVE ANALYSIS OF DIABETES PATIENTS MEDICAL DATA
USING SUPERVISED MACHINE LEARNING ALGORITHMS
AN EDUCATIONAL APPROACH

Abstract. The conparative analysis has been perforned on tree supervised nachine
learning algorithns i.e., decision trees, logistic regression and nulti-layer perceptron neural
netvork over Wikato Fnvironnent for Knowledge Analysis tool on nedical data for patients
with two types of diabetes disorders. Dabetes -Millitus refers to the netabolic disorder that
happens from nalfunction in insulin secretion and action. It is characterized by
hyperglycema. The diagnosis of diabetes is very inportant nowdays using various  types of
techniques.The dataset has been obtained from UJ nachine learning repository for Pina
Indian Dabetes patients. The purpose of the research study is to showthe usage of different
nachine learning algorithns and perfornance netrics for education al purposes in teaching
nachine learning to students frominfornation systens field in nore efficient and non  -trivial
vay. Diring the research the conparative analysis studies have been perforned vhich revealed
that less conplex algorithns can be used for disease diagnosis and possess better perfornance
vhen properly configured.

Keywords: Dabetes Millitus, Supervised Learning, Perfornance Analysis, inical
Decision Support Systens.

L. INTRODUCTION

(bnputer aided diagnosis plays an inportant role in nedical field. Presently population
increasing and nedical institutions becomng larger, this opens door for useful decision support
systens that can analyze large anount of infornation. It has been shown that the benefits of
introducing nachine learning into nedical analysis are to increase the diagnostic accuracy, to
reduce costs and to reduce hunan resources. In this study, the conparative perfornance
analysis of three supervised nachine learning algori thns are studiedi. e, decision trees, logistic
regression and artificial neural network by using Wikato Environnent for Knowedge
Analysis nachine learning toolbox [ 3] for educational purposes. The algorithns are tested over
the Pina Indian diabetes datase t. Pina Indian Dabetes database had been examned wth
several different nachine learning nethods in the past [5 -9]. Dabetes -Mllitus refers to the
netabolic disorder that happens from nalfunction in insulin secretion and action. It is
characterized by hyperglycema. There are two types of diabetes disorder but generally the
synptonatic and lab results are sane. The diagnosis of diabetes is very inportant nowdays
using various types of techniques.

II. MATERIALS AND METHODS

A. Data Collection

The data set vas obtained fromthe W Repository of Mchine Learning [Databases
[3]. The data set vas selected froma larger data set held by the National Institutes of Dabetes

92



and Dgestive and Kidney Dseases. The patients in the Pina -Indian dataset are wonen at least
21 years old and living near Phoenix, Arizona, (8A The dichotonousoutconeattribute takes
the values ‘0’ or “1°, vhere ‘1’ neans a positive test for diabetes and ‘0’ is a negative test for
diabetes. There are 500 (65.1% cases in class ‘0’ and 268 (34.9% cases in class ‘1°. The
dataset contains eight clinical findings which are:

1. Ninber of tines pregnant
Plasna glucose concentration a 2 hours in an oral glucose tolerance test
Dastolic blood pressure (nmHg)
Triceps skin fold thickness (nm)
2Hbur seruminsulin (nu U nd)
Body nass index
Dabetes pedigree function

Age (years)

0N AL A L

B. Decision Trees

Adecision tree (DI) is a graph that uses a branching nethod to illustrate every possible
outcone of a decision for part icular. The goal in building a tree is to identify a best splitting
attribute vhich is being found by Entropy and Infornation Gain. The detailed theoretical
background regarding decision trees can be found here [2].
C. Logistic Regression

The logistic regression (LRM has wde range of inplications in nedical research field.
The IRMnodel is used for the classification of the attributes, which mght help to classify the
outcone. The distinctive feature of the nodel is that the outcone varia ble is dichotonous. The
result is not bounded to a linear form A a result, the created nodel can be used to classify a
newly provided data via placing themin a nodel for the probability P, the detailed infornation
is provided in [ 1].
D. Multi-Layer Perceptron Neural Networks

Milti -layer perceptron neural networks (MP)are processing devices, vhichclosely
resenble a nodelof the neuronal structure of the nammalian cerebral cortex. LargeMPs
mght have hundreds or thousands of processor units, vhereas a na mmalian brain has billions
of neurons wth a corresponding increase in nagnitude of their overall interaction and
energent behavior. (enerally the neural network has three conponents or layers. The first
layer is called input layer, through vhich it gets d ata inside network on our case disease related
attributes. The second layer is called hidden vhere all operations perforned. The last layer
called out vhere network nake final decision regarding patient’s condition. The detailed
infornation regarding neura | networks provided in [ 1, 2].
E. Simulated Program

The Wikato Environnent for Knowtedge Analysis (WK A), is one of the best tools in
teaching nachine learning without going into details first. The tool is basedon Java platform
that contains a large nunber of algorithns for data preprocessing, feature selection,
classification, clustering, and finding the associative rule [4]. WKAuses a conmon data
representation fornat, naking conparisons easy. It has three operation nodes i.e., QI
(omnand Line, and Ja va APl
F. Performance Measures

Evaluation of the classifier to neasure the quality is coomonly evaluated based on the
data in the confusion natrix. Several standard neasures have been defined for correct and
incorrect classification results of the natrix. The nost conmon practical neasure to evaluate
the perfornance is accuracy, vhich is defined as the proportion of the total nunber of
instances that vere classified correctly.

Recall is the nean proportion of actual positives vhich are correctly identified .
Precision is the nean proportion of positives vhich are relevant. F -neasure is a harnonic
nean of recall and precision.

93



These perfornance netrics are calculated according to the data in the confusion natrix

vhich are obtained by the WK Atool.
III. SIMULATION RESULTS

In this study, the Pina dataset of patients wth diabetes disorder, wvhich containing 9
original features by using three nachine learning nethods i.e., DI'(CGL 5), IRMand MP used
for classification. The perfornance netrics like acc uracy, recall, precision and fheasure along

with error netrics forall features has been perforned using 10
sinulations vere perforned by using WK A3. 8 nachine learning tool.

-fold cross-validation. The

. No of incorrect
No of correct ins.

.o ins. Build time
with % with %
DT 567 - (74% 201 - (26% 0.12 sec
LRM 593 - (77% 175 - (23% 0. 15 sec
MINI; 583 - (76% 185 - (24% 1. 45 sec

Table 1: Accuracy netrics of MLalgorithns

According to the results provided in Table 1, the [RMnwodel outperforns renaining
nethods with the overall accuracy of 77%even though the MP is considered one of top
classification nethods it cane the second one in this race. Diring the analysis we have

identified that this problemwas due to overfitting issue.
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Figure I: Perfornance neasure netrics of MLalgorithns

The Figure 1 contains the five different perfornance neasure results for three nachine
learning algorithns. Based on the results the IRM nethod outperforns MP by 1%and DI
by 3%on overall. Even though the MP considered the conplex nethod for classification and
prediction the conplex nature of it, vhich contained one hidden layer with 5 nodes fall into
problemof overfitting. In the lite rature survey we have find out that for three algorithns the
accuracy netric vas varying from partition to partition. For exanple, vhen we see the
accuracy of Gk 5 nodel, 77. 08%in case of 75 -25%training -testing partitions, 76.72%in case
of 85-15%traini ng-testing partitions and 75. 32%in case of 90 -10%training -testing partitions.
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Figure 2: Fror netrics of MLalgorithns

The Figure 2 shows three error netric results i.e., Kappa statistics, Man Absolute
Frror (M¥) and Root nean square error (RME) for sinulated nachine learning algorithns.
The Kappa statistics neasures the agreenent of prediction wth the true class. The  value vhich
is bigger than zero indicates that algorithmis not perforned based on chance but rather taking
nore logical approach. The ME neasures the average nagnitude of the errors in a set of
forecasts, wthout considering their direction and the value close to zero is better. It neasures
accuracy for continuous variables. The RME neasures the average nagnitude of the error and
the value close to zero is better. Based on simulation results shown in Figure 2, the IRM
outperforns all other nethods.

IV. CONCLUSION

In this research study threesupervised nachine learning algorithns were applied to the
Pina Indians Dabetes (PID nedical dataset. The perfornance of [RMwas the best for all
perfornance and error netrics. The IRMnethod outperforns MP by 1% and DI' by 3%on
overall. MP is considered one of top classification nethods it cane the second one. Diring
the analysis we have identified that this problemwas due to overfitting issue. A a result shovs
that, IRMnethods can be a good and practical ch oice to classify a nedical data.
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DESCRITION OF THE COMPUTATIONAL INTELLIGENCE TECHNIQUES FOR
ADAPTIVE TRAFFIC
SIGNAL CONTROLLER: REINFORCEMENT LEARNING

AHaaTrna. AranMeiln K yYMBIC Oeili MaeneTiH O&mapuaM K YHECIH Kypy YIIH
KOJITAHBUIATBIH €CeNTey MHTEIICKT /i CTepi H CUIaTTaya apHairaH. Aran aTKaHaa, Oaanay
apKpUIbl YHpEHY TEXHOJOTHACHIHBIH TYpPJEpiH KOJAaHy JKojimapel OepinreH. Jmmarsi
KaFjaiira OalIaHBICTBI OPEKET €Tyl e3repeTi H 0acKapylbl Fa KOJAAHBUIATHIH alrOpUTMAEPre
CaJIBICTBIPMAJIBI TaJIIay JKacajFaH.

Kiar ce3aep. traffic signal controller, reinforcenent learning, artificial neural netvork,
actor-critic nethod, Q -learning,

I INTRODUCTION.

Traffic congestion one of the big problemfor the big cities. It becones serious issue,
since growth of nunber of vehicles in nagisterial. An extension of roads or building of new
ones can be considered as one of the solution of current problem Hbvever, it requires nany
expenses and hunan resources. Nowadays, (bnputational Intelligence () is wdely used to
performthe applied problens. Extrenely developnent of techniques of  gives powverful
tools for solving problens for nonlinear stochastic systens like traffic flovs. Proper nodeling
of the traffic flows is conplex task. Therefore, nany researchers consider vay of solution of
problemwthout nathenatical nodeling of vehicles novenent. In the traffic control problem
traditional supervised learning techniques, such as Support Vector Mchi ne, Random[®cision
Tree, feed-forward artificial neural network cannot be used. Because an environnent is
dynamic at the given problem There are no labeled targets for learning. The traffic control
nodel requires unsupervised learning technology. In the current work, evaluation of existing
d nethods of traffic signal control is proposed. Mthods for traffic signal nanagenent by
applying Reinforcenent Learning (RL) technique are described. This is nore promsed
technique of (, vhich is successfully app lied to control problens.

In this paper Q-table, AN and Actor -Gitic inplenentation of RL is adopted to
develop adaptive TSC for an intersection. The renmaining part of this paper is organized as
follows: Section II is literature review Section III descr ibes the RL and Q -table, ANNand
Actor -Gritic inplenentation and evaluation. And Section [Vis conclusion.

II. BACKGROUND

Mnagenent of traffic flows vas starting fromthe X Xcentury in London [1]. It vas
senaphores vhich are controlled nanually. Diring  the passing of tine, the controller has been
changed and has autonotive control system According to working principle, all TSC are
divided into three groups: pre-tined, actuated and adaptive or intelligent. Pre-tined signal
controllers have fixed tine pla n. Duration of phase tine and vhole cycle tine, phase sequence
are fixed. Optinal tine for each phase, usually calculated based on the Wbster fornula and
using historical data [2, 3]. It is a nostly used type of TSC Advantage of fixed -tine is sinple
algorithm which can be easily inplenented and action is predicted for the vehicles. Actuated

96



