
IJSRD - International Journal for Scientific Research & Development| Vol. 5, Issue 02, 2017 | ISSN (online): 2321-0613 

 

All rights reserved by www.ijsrd.com 36 

An Analysis of Support Vector Machine and C4.5 for Classification of 

Cardiotocogram 

D. Jagannathan1 A. Kathija2 S. Shajun Nisha3  
1,2PG Scholar 3Professor & Head 

1,2,3Department of Computer Science & Engineering 
1Dr. C. V. Raman University, Chhattisgarh, India 3Sadakathullah Appa College, Tirunelveli,    Tamil 

Nadu, India

Abstract— The aim of this study is evaluating the 

classification performances of two machine-learning 

methods on the antepartum cardiotocography (CTG) data. 

The classification is necessary to predict newborn health, 

especially for the critical cases. Cardiotocography is used 

for assisting the obstetricians’ to obtain detailed information 

during the pregnancy as a technique of measuring fetal well-

being, essentially in pregnant women having potential 

complications. The obstetricians describe CTG shortly as a 

continuous electronic record of the baby’s heart rate took 

from the mother’s abdomen. The acquired information is 

necessary to visualize unhealthiness of the embryo and gives 

an opportunity for early intervention prior to happening a 

permanent impairment to the embryo. The aim of the 

machine learning methods is by using attributes of data 

obtained from the uterine contraction (UC) and fetal heart 

rate (FHR) signals to classify as pathological or normal. In 

this paper, we implement a model based CTG data 

classification system using a supervised SVM and C 4.5 

algorithm which can classify the CTG data based on its 

training data. According to the arrived results, the 

performance of the C 4.5 based classification approach 

provided significant performance. We used Accuracy, 

Specificity and sensitivity, NPV, PPV and ROC as the 

metric to evaluate the performance. It was found that, the C 

4.5 based classifier was capable of identifying Normal, 

Suspicious and Pathologic condition, from the nature of 

CTG data with very good accuracy. 

Key words: CTG, Fetal Heart Rate (FHR), Classification, 

Support Vector Machine and C 4.5 

I. INTRODUCTION 

Data mining refers to a collection of techniques that provide 

the necessary actions to retrieve and gather knowledge from 

an exhaustive collection of data and facts. Data is available 

in enormous magnitude, but the knowledge that can be 

inferred from the data is still negligible. Data mining 

concepts are focused on discovering knowledge, predicting 

trends and eradicating superfluous data. Discovering 

knowledge in medical systems and health care scenarios is a 

herculean yet critical task. Knowledge discovery describes 

the process of automatically searching large volumes of data 

for patterns that can be considered additional knowledge 

about the data. The knowledge obtained through the process 

may become additional data that can be used for further 

manipulation and discovery .Application of data mining 

concepts to the medical arena has undeniably made 

remarkable strides in the sphere of medical research and 

clinical practice saving time, money and life . Clinical data 

mining is the application of data mining techniques using 

clinical data . Clinical Data-Mining (CDM) involves the 

conceptualization, extraction, analysis, and interpretation of 

available clinical data for practical knowledge-building, 

clinical decision-making and practitioner reflection. The 

main objective of clinical data mining is to haul new and 

previously unknown clinical solutions and patterns to aid the 

clinicians in diagnosis, prognosis and therapy. Moreover 

application of software solutions to store patient records in 

an electronic form is expected to make mining knowledge 

from clinical data less stressful. 

A. Cardiotocography (CTG) 

Since the 1960’s, obstetricians are using the 

Cardiotocography, an electronic method for recording 

(graphy) the fetal heartbeat (cardio) and uterine contractions 

(toco) during pregnancy, by means of a Cardiotocograph or 

an electronic fetal monitor (EFM). Fig. I illustrates a typical 

Cardiotocogram (CTG). 

 
Fig. 1: A typical CTG [16] 

 

The continuous monitoring by using CTG requires 

qualitative and quantitative interpretations of several 

parameters described as follows [15]: 

1) Uterine activity (contractions): 

 Frequency: Number of contraction in a standard 

interval.  

 Duration: The amount of time from the start of a 

contraction to the end of the same contraction. 

 Intensity: A measure of how strong a contraction is. 

 Resting tone: A measure of how relaxed the uterus 

is between contractions. 

 Interval: The amount of time between the end of 

one contraction to the beginning of the next 

contraction. 
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2) Uterine activity may be defined as: 

 Normal- less than or equal to 5 contractions in 10 

minutes, averaged over a 30-minute window. 

 Tachysystole- more than 5 contractions in 10 minutes, 

averaged over a 30-minute window. 

Baseline fetal heart rate (FHR), which is determined by 

approximating the mean FHR rounded to increments of five 

beats per minute during a 10-minute window, excluding 

accelerations and decelerations and periods of marked FHR 

variability. 

 Baseline FHR less than 110 beats per minute and 

symptoms are termed as Bradycardia. 

 Baseline FHR greater than 160 beats per minute 

and symptoms are termed as tachycardia. 

Baseline FHR variability, which is determined in a 10-

minute window, excluding accelerations and decelerations. 

Baseline FHR variability is defined as fluctuations in the 

baseline FHR that are irregular in amplitude and frequency. 

The fluctuations are visually quantified as the amplitude of 

the peak-to-trough in bpm (beat per minute). 

 Absent 

 Minimal 

 Moderate 

 Marked 

Presence of accelerations: Visually apparent abrupt 

increase in FHR. An abrupt increase is an increase from an 

onset of acceleration to the peak in less than or equal to 30 

seconds (to be considered as acceleration, the peak must be 

greater than or equal to 15 bpm). 

 Periodic or episodic decelerations 

 Periodic: Refers to decelerations that are associated 

with contractions. 

Episodic: Refers to those not associated    with contractions 

There are four types of decelerations: 

 Early deceleration: It is related to a gradual decrease in 

the FHR with an onset of deceleration to a nadir (more 

than 30 seconds) where the nadir occurs with the peak 

of a contraction. 

 Late deceleration: It is related to a gradual decrease in 

the FHR with an onset of deceleration to a nadir (more 

than 30 seconds). 

 Variable deceleration: It is related to an abrupt decrease 

in the FHR (more than 15 bpm) that was measured from 

the most recently baseline where from the 

deceleration’s onset to nadir is less than 30 seconds and 

the deceleration lasts (more than 15 seconds). 

 Prolonged deceleration: It is present when there is a 

visually apparent decrease in FHR from the baseline 

that is greater than or equal to 15 bpm, lasting greater 

than or equal to 2 minutes, but less than 10 minutes. A 

deceleration that lasts greater than or equal to 10 

minutes is a baseline change. 

 Changes or trends of FHR patterns over time. 

 Category I (Normal): Baseline rate 110-160 bpm, 

Moderate variability, Absence of late, or variable 

decelerations, and early decelerations and accelerations 

may or may not be present. 

 Category II (Indeterminate): Tracing is not predictive of 

abnormal fetal acid-base status, but evaluation and 

continued surveillance and revaluations are indicated. 

 Category III (Abnormal): Absence of baseline 

variability with recurrent late or variable decelerations 

or Bradycardia; or sinusoidal fetal heart rate. 
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Your paper must be in two column format with a space of 
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II. THE MEDICAL BACKGROUND OF CARDIOTOCOGRAPHY 

(CTG) 

Cardiotocography is a medical test conducted during 

pregnancy that records fetal heart rate (FHR) and uterine 

contractions. Either internal or external methods the tests 

may be conducted. During the internal testing, the uterus 

placed by a catheter after a specific amount of dilation has 

taken place. The external tests, a pair of sensory nodes are 

affixed to the mother's stomach. The CTG trace generally 

shows two lines. The fetal heart rate is recorded by the 

upper line in beats per minute and the uterine contractions 

are recording by the lower line from the TOCO. 

A. Baseline Heart Rate 

The baseline heart rate helps to evaluate the healthy 

functioning of the cardiovascular system. The baseline fetal 

heart rate is determined by approximating the mean FHR 

rounded to increments of 5 beats per minute (bpm) during a 

10-minute window, excluding accelerations and 

decelerations and periods of marked FHR variability 

(greater than 25 bpm. Abnormal baseline is termed 

bradycardia and tachycardia. The fluctuations are visually 

quantities as the amplitude of the peak- to-trough in bpm. 

Using this definition, the baseline FHR variability is 

categorized by the quantities amplitude as: 

 Absent- undetectable 

 Minimal- greater than undetectable, but less than or 

equal to 5 bpm 

 Moderate- 6 bpm - 25 bpm 

 Marked- greater than 25 bpm 

B. Bradycardia:  

It is the resting heart rate of under 60 beats per minute, 

though it is seldom symptomatic until the rate drops below 

50 beats/min. It may cause cardiac arrest in some patients 

Tachycardia: It typically refers to a heart rate that exceeds 

the normal range for a resting heart rate (heart rate in an 

inactive or sleeping individual). Depending on the speed and 

type of rhythm, it can be dangerous. 

C. Type 1 (early) 

This occurs during the peak of the uterine contraction. The 

FHR with onset early in the contraction and return to 

baseline at the end of the contraction will be uniform, 

repetitive and periodic slowing. The reasons behind this may 

be fetal head compression, cord compression or early 

hypoxia. This occurs in first and second stage labor with 
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decent of the head [14]. This is synchronous with uterine 

contraction. 

D. Type 2 (late) 

This occurs after the peak of the uterine contraction. The 

FHR with onset mid to end of the contraction and nadir 

more than 20 seconds after the peak of the contraction and 

ending after the contraction will also be uniform, repetitive 

and slowing. If the lag time is high seriousness is also high. 

This is also synchronous with uterine contraction. Mx: a 

fetal pH measurement is mandatory [14]. 

E. Type 3 (variable) 

This is variable, repetitive, and periodic slowing of FHR 

with rapid onset and recovery. Variable and isolated time 

relationships with contraction cycles may occur. 

Deceleration patterns in timing and shape resembles other 

types in some cases. If they occur consistently, there is a 

chance of fetal hypoxia. This is unrelated to uterine 

contractions. Mx: check fetal pH if the pattern persists after 

turning the patient on her side (or if other adverse features 

are present) [14]. 

III. ORGANIZATION OF THE PAPER 

The remaining paper is organized as follows: - Section IV 

includes proposed algorithm which define outline of the 

framework, Section V includes performance Evaluation, 

Section VI includes Experimental results and Section VII 

includes conclusion of the paper. 

IV. PROPOSED ALGORITHM 

A. Outline of the Proposed Work 

The processing steps applied to CTG data are given in 

Figure II. 

 
Fig. 2: Processing Steps 

B. Support Vector Machines 

SVM is one type of statistical learning method and it is a 

type of robust classification and regression method that 

increase the accuracy of predictive model without over 

fitting the training data. SVM works by mapping data to a 

high-dimensional feature space so data points cannot be 

classified. Support vector machine uses a nonlinear mapping 

for transferring the training data into a higher dimension .By 

looking into the new dimensional space; it searches for the 

linear optimal hyper plane. Using an exact non linear 

mapping to a sufficient high dimension, data can be 

separated by a hyper plane. The SVM identifies this hyper 

plane using support vectors and margins. The Support 

Vector Machines (SVM) is inspired by the statistical 

learning theory. 

 
Fig. 3: Optimal hyper plane separating the two classes and 

support vectors 

C. SVM Algorithm 

Algorithm: Generate SVM  

Input: Training Data, Testing Data  

Output: Decision Value  

Method:  
Step 1: Load Dataset  

Step 2: Classify Features (Attributes) based on class labels  

Step 3: Estimate Candidate Support Value  

While (instances! =null)  

Do  

Step 4: Support Value=Similarity between each instance in 

the attribute 

Find Total Error Value  

Step 5: If any instance < 0  

Estimate  

Decision value = Support Value\Total Error  

Repeat for all points until it will empty  

End If 

D. C4.5 CLASSIFIER 

The resulting decision tree is generated after classification. 

The classifier is trained and tested first. Then the resulting 

decision tree or rule set is used to classify unseen data. C4.5 

is the newer version of ID3. C4.5 algorithm has many 

features like: 

 Speed  -  C4.5  is significantly faster than ID3 (it is 

faster in several orders of magnitude) 

 Memory  -  C4.5 is more memory efficient than  ID3 

 Size of decision Trees – C4.5 gets smaller decision 

trees.  

 Ruleset - C4.5 can give ruleset as an output for complex 

decision tree.  

 Missing values – C4.5 algorithm can respond on 

missing values by ‗?‘  

 Overfitting problem - C4.5 solves overfitting problem 

through Reduce error pruning technique.  

E. Algorithm C4.5  

Input: Example, Target Attribute, Attribute  

Output: Classified Instances  

1) In pseudo code the algorithm looks like this:  

 Check for the base case  

 Construct a DT using training data 

 Find the attribute with the highest info gain 

(A_Best) 
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 A_Best is assigned with Entropy minimization 

 Partition S into S1,S2,S3...  

 according to the value of A_Best  

 Repeat the steps for S1, S2, S3  

 For each ti є D, apply the DT  

2) Base cases are the following:  

 All the examples from the training set belong to the 

same class (a tree leaf labeled with that class is 

returned).  

 The training set is empty (returns a tree leaf called 

failure).  

 The attribute list is empty (returns a leaf labeled with 

the most frequent class or the disjuction of all the 

classes).   

OUTPUT: decision tree which classifies the data correctly. 

V. PERFORMANCE EVALUATION 

A. Measures for Performance Evaluation 

In this study, the accuracy of two data mining techniques is 

compared. Although such metrics are used more often in the 

field of information retrieval, its considered as they are 

related to other existing metrics such as specificity and 

sensitivity. These metrics can be derived from the confusion 

matrix and can be easily converted to true-positive (TP) and 

false-positive (FP) metrics. 

The various formulas used for the calculation of different 

measures are discussed below.  

B. Precision 

Precision is the proportion of the predicted positive cases 

that were correct, as calculated using the formula  

              Precision =
𝐓𝐏

𝐓𝐏+𝐅𝐏
 

Where TP is the True Positive Rate, FP means 

False Positive Rate.   

C. Negative Predictive Value 

The Negative Predictive Value is the proportion of negative 

cases that were correctly identified. The following equation 

calculates this as: 

NPV = 
𝐓𝐍

𝐓𝐍+𝐅𝐍
 

D. Recall 

Recall or Sensitivity or True Positive Rate (TPR): o it is the 

proportion of positive cases that were correctly identified, as 

calculated using the equation  

Recall (Sensitivity) = 
𝐓𝐏

𝐓𝐏+𝐅𝐍
 

Here FN means False Negative Rate     

E. Accuracy 

Accuracy is the proportion of the total number of predictions 

that were correct. It is determined using the equation.  

Accuracy=
𝐓𝐏 + 𝐓𝐍

𝐓𝐏+𝐅𝐏+𝐅𝐍+ 𝐓𝐍
 

Where TN stands for True Negative      

F. Specificity 

Specificity is the percentage of positive records classified 

correctly out of all positive records.   

Specificity =   
𝐓𝐍

𝐓𝐍+𝐅𝐏
 

G. ROC 

ROC stands for Receiver Operating Characteristic. A 

graphical approach for displaying the trade-off between true 

positive rate (TPR) and false positive rate (FPR) of a 

classifier are given as follows.   

TPR = positives correctly classified/total positives  

FPR = negatives incorrectly classified/total negatives  

TPR is plotted along the y axis o FPR is plotted along the x 

axis   

ROC = 
𝐒𝐞𝐧𝐬𝐢𝐭𝐢𝐯𝐢𝐭𝐲+𝐒𝐩𝐞𝐜𝐢𝐟𝐢𝐜𝐢𝐭𝐲

𝟐
 

VI. EXPERIMENTAL RESULTS 

A. Dataset Description  

The Cardiotocography data set used in this study is publicly 

available at The Data Mining Repository of University of 

California Irvine (UCI). By using 21 given attributes data 

can be classified according to FHR pattern class or fetal 

state class code. In this study, fetal state class code is used 

as target attribute instead of FHR pattern class code and 

each sample is classified into one of three groups Normal, 

Suspicious or Pathologic. The dataset includes a total of 

2126 samples of which is 1655 normal, 295 suspicious and 

176 pathologic samples which indicate the existing of fetal 

distress.   

Attribute information is given as:   

 LB—FHR baseline (beats per minute)   

 AC—# of accelerations per second  

 FM—# of fetal movements per second   

 UC—# of uterine contractions per second   

 DL—# of light decelerations per second   

 DS—# of severe decelerations per second   

 DP—# of prolongued decelerations per second   

 ASTV—percentage of time with abnormal short term 

variability   

 MSTV—mean value of short term variability   

 ALTV—percentage of time with abnormal long term 

variability   

 MLTV—mean value of long term variability   

 Width—width of FHR histogram   

 Min—minimum of FHR histogram   

 Max—Maximum of FHR histogram   

 Nmax—# of histogram peaks   

 Nzeros—# of histogram zeros   

 Mode—histogram mode   

 Mean—histogram mean   

 Median—histogram median   

 Variance—histogram variance  

 Tendency—histogram tendency   

 CLASS—FHR pattern class code (1 to 10)   

 NSP—fetal state class code (N = normal; S = suspect; P 

= pathologic) 

B. Performance Evaluation 

1) Accuracy: 

The accuracy result of SVM and C4.5 classification 

algorithm shows in Figure IV. 
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Fig. 4: Accuracy of SVM and C4.5 Algorithm 

2) Sensitivity and Specificity 

The Sensitivity and Specificity of SVM and C4.5 

classification algorithm are shows in Figure V. 

 
Fig. 5: Sensitivity and Specificity rate of Naive Bayes and 

C4.5 Algorithm 

C. PPV, NPV and ROC 

The performance value of Positive Predictive Value (PPV), 

Negative Predictive Value (NPV) and Receiver Operator 

Characteristic test (ROC) for SVM and C4.5 classifier are 

showed in Table I. 

 PPV NPV ROC 

SVM 0.491 0.008 0.952 

C4.5 Classifier 0.583 0.012 1.114 

Table 2: PPV, NPV and ROC 

VII. CONCLUSION 

In this paper, the accuracy is evaluated based on the selected 

classifier algorithm like SVM and C4.5 classifier algorithm. 

An important challenge in data mining and machine learning 

areas is to build precise and computationally efficient 

ensemble classifiers for Medical applications. The 

performance of C4.5 classifier shows the high level compare 

with SVM classifiers. The values to measure the 

performance of the methods (i.e. accuracy, sensitivity, 

specificity) are derived from the confusion matrix and 

showed in Figure IV and Figure V. The values of Positive 

Predictive Value (PPV), Negative Predictive Value (NPV) 

and Receiver Operator Characteristic (ROC) are showed in 

Table I.  It was found that C4.5 classifier model produced 

highest accuracy i.e. 97.3% which is so far highest. Other 

classifier like SVM were far less accurate compared to C4.5 

classifier. 
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