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ARTICLE INFO ABSTRACT

Keywords: Objective: The objective of current study is to increase the classification accuracy of learning algorithms over
Balanced cardiotocography data by applying preprocessing technique. Due to the diversity of sources, large amount of
Imbalanced

data is being generated and also has various problems including mislabeled data, missing values, noise, high

Lazy leamers dimensionality and imbalanced class labels.

ijﬁgiﬁse d Method: In this study, we suggested a technique to handle imbalanced data to increase the classification per-
Tree based formance of various lazy learners, rule based induction models and tree based models. We used Symmetric

Minority Over Sampling Technique (SMOTE) on real dataset to accelerate the performance of various classifiers.
We identified that primary dataset is suffering with imbalanced problem, which means the most of the records
belong to same class label. Prediction of imbalanced data is biased towards the class with majority instances. To
overcome this problem, dataset has to be balanced.

Results: As a result of the suggested method the performance of classification algorithms are increased. The
obtained result show that majority of classification techniques performed better over balanced dataset when
compared with imbalanced dataset.

Conclusion: Classification performance over balanced dataset has recorded improved performance than im-

balanced dataset after applying the SMOTE.

1. Introduction

Data mining (DM) is a process of discovering knowledge (interesting
patterns) from huge datasets and is currently procuring extent deal of
focus also became a prominent analysis tool." In recent days, data
mining techniques are applied in various fields such as stock market
analysis, telecommunications, education institutes, human resource
management, banking, supermarkets, health care management (HCM),
traffic management and others. In data mining, classification and pre-
diction are mostly applied for future planning and analysis of current
trends. Data mining is a wider concept that contains different steps:
Firstly data is pre-processed, where missing values are normalized,
missing labels are rectified and noise will be minimized, then mining
techniques (classification, association rule mining, clustering and
others) are applied. Results from applied mining techniques are eval-
uated and interpreted.

For classification, in first phase construct the classifier, in which
training dataset is used. Then, use the classifier for classification, in this
phase testing dataset is used for calculating the performance of created
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classifier. In HCM, identifying the disease is critical and challenging job
for the doctors. In recent days many countries are lighting on reasons
which affect the patient’s health. In recent days, due to the changes in
lifestyle, health diseases are increasing. Especially, a disease related to
heart has become more casual. There are no perfect analysis techniques
existed to find unknown patterns in health care data. Data mining
techniques can provide a solution in these situations. For this purpose,
several data mining methods can be used. Thus, the aim of the current
drive is to find out the class of fetal state of cardiotocograms from the
collected patient dataset with the help of mining procedures.

Cardiotocograms (CTG) checks the fetal heart rate (FHR) and
uterine shrinking, and are commonly applied as a diagnostic tool by
obstetricians to know the fetal state.” Evaluation of CTG records need
detailed visual interpretation subject. FHR checking is the process of
monitoring the status of the baby during labor, and delivery by mon-
itoring his or her heart rate with this special equipment called Cardi-
otocograms. During the process of monitoring the FHR, CTG will be
kept on the stomach of the pregnant lady to monitor the child during
birth. This is done to make sure the baby is delivered correctly.
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The road map of subsequent sections of the article is structured as
follows: In second section, existing literature and related work re-
garding the paper is described. In third section, the suggested work of
the current study is explained. Experimental evaluation of the sug-
gested method is given in section four with the results. At the end,
conclusion with future work is given.

2. Related work

There are number of research articles and methods have been
contributed by many professionals on health care data. Research in
health care ranging from: data collection, pre-processing, storage
and analytics, by applying data mining strategies. In current days,
research work on health care data has mainly focused on predicting
variety of diseases, such as prediction of liver cancer, prediction of
heart disease, prediction of diabetes, prediction of HCV, prediction
of HIV and others. However, the focus of present study drives to
evaluate the various methods of classification over the
Cardiotocography Data Set.

A novel hierarchical fuzzy neural network approach is proposed
to detect the breast cancer class as benign or malignant.® Clinical
Decision System is proposed to get the medical expert using
knowledgeable information.® Decision System proposed is built,
based on weighted fuzzy rules.” Authors of,” presented a framework
to detect various frauds in health care insurance using data mining
methods. For this, authors considered historical insurance dataset.

To identify degree of liver fibrosis, the authors of,® proposed
single and multi stage classification technique. Authors proved that,
multistage model has given better result than existing techniques.
To know the joint occurrences of diseases, association rule mining
technique is applied on healthcare dataset.” Genetic K-Means
Clustering is applied for effective health care knowledge discovery.®
To predict the chances of heart disease based on various parameters
like gender, blood pressure (BP), age, pulse rate, smoking habit,
alcohol consumption and others are classified using Decision Tree
(DT), Naive Bayes(NB), Artificial Neural Network (ANN).? For risk
prediction of heart disease, various data mining techniques are
applied in the research paper.'’

Analysis of lung cancer is presented by applying different mining
techniques by the authors of.'' Authors of,'* suggested a method to
increase the prediction accuracy of kidney disease. Ensembling tech-
niques proved the prediction of classification techniques better than the
approach without ensembling."?

Support Vector Machine (SVM) performed well in classification
of water quality status. For this SVM is compared with KNN algo-
rithm.'? Textual entries in health care records also classified by NB
classification technique.'® Computer based system is proposed to
insert a needle in correct position during biopsy and other treat-
ment.'® NB, ANN, DT algorithms are used to predict the heart re-
lated disease.'” Association rules can also used to predict the risk of
diseases.Frequent itemsets are applied to predict the heart disease
risk by considering the various symptoms.'® Data mining techni-
ques are not limited to only health care, this can be extended in
many fields.Student performance and instructor performance are
predicted using mining techniques.'®

In literature, various classification algorithms are applied on dif-
ferent disease datasets. In this article, we used rule based, tree based

Table 1

Algorithms applied.
Category Algorithms
Rule Based Jrip, Ridor
Tree Based J48,NB Tree
Lazy Learners IBk, Kstar
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and lazy learning algorithms for conducting our study. Table 1 de-
scribes the algorithms used in this study.

Jrip is one of the popular rule based algorithm. It generates set of
rules for a class. Ridor (Ripple Down Rule learner) is also a direct rule
based classification method, which works in two phases. First, default
rules are constructed, and then exceptions are produced for the rules
generated by default with lowest error rate. Both these algorithms have
the capabilities to handle nominal, binary, missing class values.

J48 is a classification technique used to build DT from a training
dataset. It uses the concept of information gain for building DT.
NBTree is also same as J48, it uses Naive Bayes classifiers for
building DT. IBk implements the k-nearest neighbour algorithm. It
is a lazy learner, which means model is generated for classification
at the time of testing, Kstar is also a lazy learner and it is instance
based classifier.

Due to the multiple heterogeneous platforms, large amount of data
is being generated and also has following difficulties associated with it.

2.1. Mislabelled data

As data grows, the probability of having mislabelled records in-
creases as well. When handling thousands of records, it is not easy to
check whether all of the training data is correctly labelled or not, and
training models on incorrect data will give less accuracy.

2.2. Missing values

Identical to mislabelled data, missing values also lead to inaccurate
model generation when clustering algorithms are applied. This issue is
generally minimized either by removing the instances completely or
through imputation techniques.

2.3. Noise

Noisy data suffer from overfitting. Clustering techniques can assist
to identify noisy data points.

2.4. High dimensionality

This problem happens when the features are more, or instances are
very large. Principal Component Analysis (PCA) and Feature selection
techniques can address this issue.

In this article also three filter based ranking feature selection
methods namely: Chi squared attribute evaluator (Chi), Information
gain (Ig), ReliefF attribute evaluator (Rel) applied on the data sets.
These methods are based on the information theory. As per the
information value associated with an attribute, rank will be as-
signed to each attribute. Depending on the requirement top ‘N’
features can be selected. Feature selection process is used to de-
crease the memory consumption and to increase the classification
performance. Sometimes performance may be decreased depending
on the dataset considered.”’

2.5. Imbalance

In classification problems, imbalanced problem takes place in
training data if more data points belongs to one class than in others.
This problem can lead to weak learners.

This study addressed the issue of imbalance by using SMOTE.*° It is
an over sampling technique for balancing the imbalanced dataset. Using
sampling technique the size of the dataset will be increased by adding
synthetic instances. SMOTE uses K-nearest neighbour algorithm to in-
crease the dataset. In this study SMOTE is the key concept which we
used to improve the accuracy. For balancing the dataset, number of
instances may be under sampled. This can be applied in the pre-
processing stage of data mining.
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Table 2
Dataset Description.””

S. No Attribute Name Type

1 LB Real
2 AC Real
3 FM Real
4 uc Real
5 DL Real
6 DS Real
7 DP Real
8 ASTV Real
9 MSTV Real
10 ALTV Real
11 MLTV Real
12 Width Real
13 Min Real
14 Max Real
15 Nmax Real
16 NZeros Real
17 Mode Real
18 Mean Real
19 Median Real
20 Variance Real
21 Tendency Real
22 FHR pattern class code Real
23 Fetal state class code Categorical

Fetal State Class code has three values (1, 2, 3).

We replaced integer 1 with “One”, 2 with “Two”, 3 with “Three”.
Summary of Dataset is as follows.

# Instances: 2126.

#Attributes: 23.

#Classes: 3 (One, Two, Three).

Attribute Characteristics: Real.

Area: Life Sciences.

Associated Tasks: Classification.

3. Methodology

This section discusses the dataset description and suggested meth-
odology for conducting the study.

For this study, we gathered dataset from UCI machine learning re-
pository. The dataset belongs to the Cardiotocography and it has the
measurements of FHR and uterine contraction (UC) features on CTG
classified by expert obstetricians. Table 2 gives the description of da-
taset.

The dataset gathered is suffering with imbalanced problem.
Initial dataset has 2126 instances and three classes namely One,
Two, Three. Class label One has 295, class Two has 1655, class
Three has 176 instances. It is clear that, class One and Three are not
balanced with class Two.

Methodology of our system is given in Fig. 1.

To balance the complete dataset, 450% synthetic instances are
created using SMOTE for class One, 750% synthetic instances are
created for class Three. As a result of this process, total 4773 in-
stances have been generated, out of these, Class label One has 1622,
Two has 1655, Three has 1496 instances in new dataset (Balanced).
Now the new dataset has almost balanced class labels. As SMOTE
uses the K-Nearest Neighbour algorithm, we used K = 5 for sam-
pling the dataset.

How an artificial instance will be created using SMOTE is explained
with an example here.

Assume a datapoint (6, 4) and it’s closest datapoint is (4,3).

Let:
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Fig. 1. Methodology.

f11 is the first attribute value of first data point.

f21 is the first attribute value of second data point.

f12 is the second(closest) attribute value of first data point.
22 is the second(closest) attribute value of second data point.

Perform the foew1= f21-f11
fhews= fao-f12
As aresult
fne\vl=(4-6)= -2, fnew2=(3-4)= -1,
The new instance will be generated as per the below formula

( newt, frew2)= (f11,f12)+Rand(0-1) * (frewr , frew2)
(f newl, fnc\\'z): (6,4)+Rand(0-1) * (-2,-1)
=(6,4) H0.1)*(-2,-1)
=(6,4)+(-0.2,-0.1)
=(5.98,3.99) is the new instance to be created .

Note: Rand(0-1) produce the random number between 0 and 1.It
can be minimum and maximum value of the respective attribute.

After applying the SMOTE over the imbalanced dataset, some of the
feature selection techniques (Chi, Ig, Rel) are applied over the balanced
and imbalanced datasets. Those results are given in next section also.

4. Experiment and results

For experiment the suggested methodology, data mining tool weka
is used. For evaluation of balanced and imbalanced dataset, algorithms
given in Table 1 are applied. System configuration for the experiment
is: operating system:Ubuntu 14.04 LTS, processor: Intel’ Core™ i5 CPU
M 430 @ 2.27 GHz X 4, memory:6 GB.

Dataset is divided into 2:3 and 1:3 ratios for training and testing
respectively. 10 fold cross validation is applied for calculating the ac-
curacy of algorithms. Table 3 shows the accuracy and ROC of algo-
rithms over the imbalanced and balanced datasets.
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Table 3
Accuracy of classifiers over imbalanced and balanced datasets.
Imbalanced Balanced
Accuracy ROC Accuracy ROC

Jrip 98.73 0.978 98.38 0.992
Ridor 98.30 0.97 98.36 0.988
J48 98.58 0.984 98.78 0.993
NBTree 97.31 0.981 97.98 0.995
IBK 96.89 0.963 99.05 0.993
KStar 94.63 0.987 97.86 0.998

Bold Indicates the highest accuracy.

Table 4
Average result of rule based, tree based and lazy learning algorithms.

Dataset Type Rule based classifiers Tree based Classifiers Lazy Learners

98.51
98.37

Imbalanced
Balanced

97.94
98.38

95.76
98.45

Bold Indicates the highest accuracy.

100
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[ ]
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NBTree IBK
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LazyLearner

Fig. 2. Comparison of algorithms over Imbalanced and Balanced datasets.

From the above table, Jrip has recorded best performance over
imbalanced data and IBK performed better than other classifiers over
balanced dataset. Fig. 2 shows the comparison of algorithms over im-
balanced and balanced datasets

From Fig. 2, it is clear that, rule based Ridor, tree based J48 and
NBTree, and lazy learners IBK and Kstar performed well in case of ba-
lanced dataset. In other way rule based Jrip has performed well in the
case of balanced data. Table 6 shows the average result of rule based,
tree based and lazy learning algorithms.

From the above result, the average performance of tree based
classifiers and lazy learners are better over balanced dataset. Fig. 3
shows the average comparison of rule based, tree based and lazy
learning algorithms.

In Figs. 2 and 3 X-axis represents the type of classifier,Y-axis re-
presents the percentage of accuracy.

After analyzing the various classifiers over balanced and im-
balanced datasets, three feature selection methods(Chi, Ig, Rel) are
applied. Actual dataset has 22 features in it (Refer Table 2). As these
feature selection methods assigns the rank to each feature, approxi-
mately 30% features(top 6) are selected for classification from the
imbalanced and balanced datasets. The list of top features derived by
feature selection methods are given in Table 5. Classification perfor-
mance with those features is given Table 6.

From Table 5, it can be observed that Chi, Ig, Rel feature selection
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Fig. 3. Average comparison of rule based, tree based and lazy learning algo-
rithms.

Table 5
Features derived by feature selection methods.

Type Feature selection Method Selected Feature id’s
Imbalanced ChiSquaredAttributeEval (Chi) 22,10,18,9,8,17
Information Gain(Ig) 22,9,10,8,18,20
ReliefFAttributeEval (Rel) 22,8,10,2,4,1
Balanced ChiSquaredAttributeEval (Chi) 22,9,17,18,19,10
Information Gain(Ig) 22,9,17,18,19,10
ReliefFAttributeEval (Rel) 22,8,10,4,18,1
Table 6
Classification Performance after Feature Selection Methods.
Dataset Type FS Jrip Ridor  J48 NBTree  IBK KStar
Method
Imbalanced CHI 98.91 98.35 98.73 98.25 98.07 96.89
Ig 98.77 98.54  98.77 98.4 97.78 97.36
Rel 98.68 98.54  98.77 98.58 97.46 96.84
ALL 98.73 98.3 98.58 97.31 96.89 94.63
Balanced CHI 98.11 97.67 98.3 97.17 97.52 97.1
Ig 98.11 97.67 98.3 97.17 97.52 97.1
Rel 98.14 97.98 98.13 97.8 98.44 97.42
ALL 98.38 98.36  98.78 97.98 99.05 97.86

Note: ‘ALL’ indicates the classification accuracy by considering the whole da-
taset.

methods derived the different features over imbalanced dataset. Chi
and Ig derived same features over balanced dataset. Classification
performance with those features is given in Table 6.

From the above Table 6 following outcomes are observed. Over
imbalanced dataset, Jrip and IBK classifier produced maximum per-
formance with Chi feature selection methods than considering all the
features. Ridor and J48 displayed highest accuracy with Ig and Rel.
NBTree recorded better performance with the Rel feature selection
method. Kstar classifier is recorded better performance with Ig than
considering all the features.

Performance of algorithm’s accuracy is calculated using confusion
matrix. Basic structure of confusion matrix is given in below Table 7.
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Table 7
Confusion Matrix.
Predicted
Actual Class Class
Yes No
Class Yes TP FN
Class No FP TN

Where: TP is True Positive.

TN is True Negative.

FP is False Positive.

FN is False Negative.

Accuracy: (TP + TN)/(Total number of instances).

5. Conclusion

In this article, we analyzed Cardiotocography dataset for classifi-
cation of fetal state class using Jrip, Ridor, J48, NBStar, IBk, and Kstar.
Initially dataset is imbalanced. So, by applying SMOTE, dataset has
balanced. Then, above said techniques are applied on both the datasets.
Experimental result shows that, classification performance on balanced
dataset has recorded improved performance than imbalanced dataset.
Three feature selection methods also applied to analyze the perfor-
mance after selecting top 6 features. This technique can be applied in
case of huge amount of data(Big data) with Map Reduce technique, as
the traditional mechanism does not fit to handle Big Data.
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