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INTRODUCTION 

 
One of the major challenges in medical domain 

is the extraction of comprehensible knowledge from 
medical diagnosis data such as CTG data. In this 
information era, the use of machine learning tools in 
medical diagnosis is increasing gradually. This is 
mainly because the effectiveness of 
recognition system has improved in a great deal to 
help medical experts in diagnosing diseases.

  
Cardiotocography (CTG): 

Cardiotocography (CTG) is a technical means of 
recording the fetal heart rate (FHR) and 
contractions (UC) during pregnancy, typically in the 
third trimester to evaluate maternal
being2. FHR patterns are observed manually by 
obstetricians during the process of CTG analysis
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ABSTRACT 

Cardiotocography (CTG), consisting of fetal heart rate (FHR) and tocographic (TOCO) measurements, is used to evaluate fetal w
common diagnostic techniques to evaluate maternal and fetal well-being during pregnancy and before delivery. 

By observing the Cardiotocography trace patterns doctors can understand the state of the fetus. Even few decades after the in
cography into clinical practice, the predictive capacity of the existing methods remains inaccurate.  In our previous work

showed that a model based CTG data classification system using a supervised artificial neural network (ANN) can classify the 
better than most of the other methods.  In this work, we implement an improved model based CTG data classification system usi
decision tree (IC4.5) based machine learning techniques which can classify the CTG data based on its training data. The pe
decision tree (IC4.5) based classification model has been compared with the supervised clustering method ANN and SVM. We used

Score as the metric to evaluate the performance. According to the arrived results, the perfor
classifier provided good results in Normal and Pathologic cases and moderate   result in suspicious cases. SVM based classifi
good performance in Normal and Pathological records and it was incapable of identifying suspicious records.  The proposed idea 
considerably improved the performance in classifying Normal, Suspicious and Pathologic CTG patterns.  It was found that, the 
classifier was capable of identifying Normal, Suspicious and Pathologic condition with very good accuracy than normal methods.
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f the major challenges in medical domain 
is the extraction of comprehensible knowledge from 
medical diagnosis data such as CTG data. In this 
information era, the use of machine learning tools in 
medical diagnosis is increasing gradually. This is 

ause the effectiveness of classification and 
improved in a great deal to 

help medical experts in diagnosing diseases. 

Cardiotocography (CTG) is a technical means of 
recording the fetal heart rate (FHR) and the uterine 
contractions (UC) during pregnancy, typically in the 
third trimester to evaluate maternal and fetal well-

FHR patterns are observed manually by 
obstetricians during the process of CTG analysis [4]. 

In the recent past fetal heart rate 
frequency analysis has been taken in to research on 
many aspects[3].  

Fetal heart rate (FHR) monitoring is mainly used 
to find out the amount of oxygen a fetus is acquiring 
during the time of labor[3]. Even then death and long 
term disablement occurs due to hypoxia during 
delivery. More than 50% of these deaths were caused 
by not recognizing the abnormal FHR pattern, even 
after recognizing not communicating the same 
without knowing the seriousness and the delay in 
taking appropriate action[4]. Computation and other 
datamining [5-7] techniques can be used to analyze 
and classify the CTG data to avoid human mistakes 
and to assist doctors to take a decision.

In a recent work[8] 
performance of the ten classification algorithms
CTG-Morphology Pattern dataset. The algorithms C
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frequency analysis has been taken in to research on 

Fetal heart rate (FHR) monitoring is mainly used 
to find out the amount of oxygen a fetus is acquiring 

Even then death and long 
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RT, CS-CRT, NBC, PLS-DA and RBF show 
improved accuracy after outlier detection. However 
the algorithms CS_MC4, ID3, PLS-LDA and 
Random Tree show decrease in performance after 
outlier removal.  

 
Material and Methods  

 
Works related with CTG data classification: 

Onisko and Druzdel[9]  have analyzed the work 
of Bayesian Network parameters on the accuracy of 
medical diagnostic systems. They have performed a 
series of experiments studying the influence of 
precision in parameters, on model performance, in 
the context of a practical medical diagnostic model, 
Hepar II and three additional models based on real 
medical data from the Irvine Machine Learning 
Repository. Their study revealed that the 
performance of all four models was sensitive to noise 
in numerical parameters, i.e., the diagnostic accuracy 
of the models decreased after introduction of noise 
into their numerical parameters. They also analyzed 
the influence of bias in parameters on model 
performance. Diagnostic accuracy of Bayesian 
network models was found sensitive to imprecision 
in probabilities, provided they were rounded up. 
However, the main source of the sensitivity appeared 
to be in rounding small probabilities to zero. 

Warrick and Hamilton[10] modeled the 
Cardiotocography data as an input-output system to 
estimate its dynamics in terms of an impulse 
response function (IRF). They identified the models 
using subspace methods that incorporated noise-
suppression and permitted the use of non-contiguous 
data. Using contiguous data, the subspace method 
performed better than linear regression. When they 
included non-contiguous data, even more 
pathological records were modeled with their 
approach. Compared to linear regression, the IRF 
gain showed statistically significant differences more 
often between normal and pathological records (in 
15/18 vs. 10/18 epochs) over the final three hours of 
labor. 

Chen et al[11]developed a Lab view based FHR 
and uterine contraction (UC) pattern analysis 
software. This software had great potential for home-
care use. The signal processing methods utilized in 
their study were median filter and peak/valley 
detection method. The analysis performance was 
verified from nineteen pregnant women's data. The 
accuracy of FHR baseline, baseline variability, early 
Deceleration, UC frequency and Non Stress Test 
(NST) reached 100%. The accuracy of acceleration 
frequency was 90%. The accuracy of late and 
variable decelerations attained 95%. 

Vullings et al[12] presented a new technique for 
Maternal ECG (mECG) removal in antenatal 
abdominal recordings. This technique operated by 
linear prediction of each separate wave in the mECG. 
Its performance in mECG removal and FHR 

detection was evaluated by comparison with spatial 
filtering, adaptive filtering, template subtraction and 
independent component analysis techniques. The 
new technique outperformed the other techniques in 
both mECG removal and FHR detection (by more 
than 3%).  

Baluz et al[13] assessed the performance of 
different machine learning algorithms for 
Cardiotocography exams classification. Two 
classification tasks were considered: the first was to 
characterize the exam according to the fetal state; the 
second intended to classify the exam according to the 
morphological pattern. Their experimental results 
concluded that the tested algorithms had a promising 
performance for both tasks. Among the analyzed 
algorithms, Random Forest algorithm classified with 
the best results. They have reported an accuracy of 
94.9% for the FHR classification task. It also 
produced an accuracy of 87.3% for the 
morphological pattern dataset. 

Czabanski et al[14] described an application of 
the artificial neural network based on logical 
interpretation of fuzzy if-then rules neuro fuzzy 
system to evaluate the risk of low-fetal birth weight 
using the quantitative description of CTG signals. 
They applied different learning procedures 
integrating least squares method, deterministic 
annealing (DA) algorithm, and ε-insensitive learning, 
as well as various methods of input dataset 
modification. The performance was evaluated with 
the number of correctly classified cases (CC) 
expressed as the percentage of the testing set size, 
and with overall index (OI) being the function of 
predictive indices. The best classification efficiency 
(CC = 97.5% and OI = 82.7%), was achieved for 
integrated DA with ε-insensitive learning and dataset 
comprising of the CTG traces recorded as earliest for 
a given patient. 

Zhang et al[15] presented a new dynamic 
method for incrementally updating approximations of 
a concept under neighborhood rough sets to deal with 
numerical data. A comparison of the proposed 
incremental method with a non- incremental method 
of dynamic maintenance of rough set approximations 
was conducted by an extensive experimental 
evaluation on different data sets from UCI[16]. 
Experimental results revealed that the proposed 
method effectively updated approximations of a 
concept in practice. 
 
Problem Definition: 

Cardiotocography (CTG), consisting of fetal 
heart rate (FHR) and tocographic (TOCO) 
measurements, is used to evaluate fetal well-being 
during the delivery17. Since 1970 many researchers 
have employed different methods to help the doctors 
to interpret the CTG trace pattern22 from the field of 
signal processing and computer programming[18-
19]. They have supported doctors with interpretations 
in order to reach a satisfactory level of reliability so 
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as to act as a decision support system in 
obstetrics[20]. Up to now, predictive capacity of the 
method remains controversial.  

The scope of this work is to improve the 
performance of CTG data classification using C4.5 
improved model. In8, the evaluated algorithms C4.5, 
CS_MC4, ID3, PLS-LDA produced improved 
accuracy without validation. So, without validation 
the accuracy was not good.  

 
Standard Neural Network Based Classification: 

Here in this classification[20], we use supervised 
learning by using a set of training data which is 
accompanied by class labels[21]. When a new data 
arrive, then classification of that data will be done 
based on the training set by generating descriptions 
of the classes. In addition to training set we also have 
a test data set that is used to determine the 
effectiveness of a classification. In general, 
commonly used and popular neural networks can be 
trained to recognize the data directly, whereas in 
simple networks there is a chance of the system 
being complex and training may be difficult. The 
time taken and the accuracy of classification depend 
on the dimension of the input given and also on the 
dimension in the training data. For input data with 
high dimension, the process will take a longer time 1-

22   
Feed forward networks ( Fig. 1) often have one 

or more hidden layers of sigmoid neurons followed 
by an output layer of linear neurons[23-25]. Multiple 
layers of neurons with nonlinear transfer functions 
allow the network to learn nonlinear and linear 
relationships between input and output vectors. The 
linear output layer lets the network produce values 
outside the range -1 to +1.  On the other hand, if you 
want to constrain the outputs of a network (such as 
between 0 and 1), then the output layer should use a 
sigmoid transfer function[26-27]. 

 
Back propagation algorithm: 

Consider a network with a single real input x 
and network function F28. The derivative F0(x) is 
computed in two phases: 
 
Feed-forward: 

the input x is fed into the network. The primitive 
functions at the nodes and their derivatives are 
evaluated at each node. The derivatives are stored. 
 
Back propagation: 

the constant 1 is fed into the output unit and the 
network is run backwards[29]. Incoming information 
to a node is added and the result is multiplied by the 
value stored in the left part of the unit. The result is 
transmitted to the left of the unit. The result collected 
at the input unit is the derivative of the network 
function with respect to x. 

 

Standard BPN based CTG data Classification 
Algorithm: 
Inputs: 

Training Data: DL= {d1, d2…,dn}      
Training Targets:     CL= {c1, c2…, cn}      
n = Total Number of Training records  
Testing Data:   DT= {t1, t2…, tm} 
m = Total Number of Testing Data 

 
Outputs: 

Predicted Class labels of Test Data 
CT = {l 1, l2… lm} 

 
Procedure BL-NN: 

1. Read training data DL and targets CL 
and test data DT 

2. Create Network N1 to learn DL and 
map it to the original output class CL 

3. Classify DL using the trained network 
N1.  

4. Train Network N1  only using  data 
without Outliers OL 

5. Classify the DT using the trained 
network N1 and find the Predicted Class labels. 

 
SVM Classifier: 

Classification can be viewed as a supervised 
learning scenario. Here a training data set of records 
is accompanied by class labels. New data can be 
classified based on the training set by generating 
descriptions of the classes. In addition to the training 
set, there is also a test data set which is used to 
determine the effectiveness of a classification. In 
principle, the support vector machines can be trained 
to recognize the data directly. The classification 
stage follows the feature extraction stage. The main 
objective of this stage is to classify the FHR signals 
as normal or at risk represented as '+1' and '-1' 
respectively. The entire process involves a training 
set and a testing set of data instances. A training set 
consists of features extracted from the decomposed 
FHR signal, also called the attributes, and the labels 
'+1' (normal) or '-1' (at risk) which are the target 
outputs.  

SVM should produce a model to classify the 
data instances in the testing set which consists of 
only features. The classification depends on the 
inner-product kernel used that produces different 
learning machines and hence different decision 
boundaries. In this work, based on the statistical 
features extracted from FHR signals the radial basis 
function (RBF) kernel was used the equation (1)  to 
obtain reliable results. Parameters C and γ are 
specified by the user.           
 
k(xi,xj)= γexp (| xi-xj|)

2                              (1)     
 

Steps of SVM Classification: 
Step 1: Scaling the training and testing data sets. 
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Step 2: General grid search method is 
considered an intractable problem and estimating 
accuracy for all possible combinations of C and γ is a 
time consuming process. Therefore, exponentially 
increasing values were considered initially to find a 
better possible set of values for C and γ that yielded 
better accuracy. Finally, C and γ values thus obtained 
are varied slightly to gain the best possible accuracy. 
The estimated set of values for C and γ are 4 and 2, 
respectively. 

Step 3: Training SVM using the chosen C and γ 
values to achieve the best cross-validation accuracy 
(CSV) possible. 

Step 4: Predicting the output of the testing set. 
Step 5: Estimating  the  accuracy  of  

classification. 
Since unbalanced data are used in this work the 

ratio of C+ / C- are set to the inverse of the 
corresponding cardinalities of the classes. 

 
Improved model for C4.5 based CTG data classifier 
(IC4.5): 
Decision Tree Algorithm: 

C4.5 builds decision trees from a set of training 
data using the concept of information entropy. The 
training data is a set S= S1,S2, …, Sn of already 
classified samples. Each sample Si consists of a p-
dimensional vector (x1,i, x2,i, … xp,i), where the xj 
represent attributes or features of the sample, as well 
as the class in which si falls.  

At each node of the tree, C4.5 chooses the 
attribute of the data that most effectively splits its set 
of samples into subsets enriched in one class or the 
other. The splitting criterion is the normalized 
information gain24 (difference in entropy). The 
attribute with the highest normalized information 
gain is chosen to make the decision.  

 
A few boundary cases: 

1. All the samples in the list belong to the 
same class. When this happens, it simply creates a 
leaf node for the decision tree saying to choose that 
class. 

2. None of the features provide any 
information gain. In this case, C4.5 creates a decision 
node higher up the tree using the expected value of 
the class. 

3. Instance of previously-unseen class 
encountered. Again, C4.5 creates a decision node 
higher up the tree using the expected value. 

 
Algorithm for building decision trees: 

1. Check for base cases 
2. For each attribute a  
3. Find the normalized information gain from 

splitting on a. 
4. Let a_best be the attribute with the highest 

normalized information gain. 
5. Create a decision node that splits on a_best 

6. Recurse on the sublists obtained by splitting 
on a_best, and add those nodes as children of node 

The block diagram (Fig. 2) shows the proposed 
improved model for C4.5 based CTG data classifier. 

 
The Metrics Used for the Evaluation: 

Precision, recall and F-Measure are computed 
for every (class, cluster) pair. But Rand index is a 
metric which will consider all the classes and the 
clusters as the whole. 
 
Precision: 

Precision is calculated as the fraction of correct 
objects among those that the algorithm believes 
belonging to   the relevant class. The Precision is 
calculated as:  
 
P(Lr, Si) = nri/ni                                 (2) 

for 
class Lr of size nr 
cluster Si of size ni 
nri data points in Si from class Lr 

 
Recall: 

Recall is the fraction of actual objects that were 
correctly identified. The recall is calculated as: 
 
R(Lr, Si) = nri /nr                                        (3) 
 
F-Measure: 

F-Score or F-Measure is the harmonic mean of 
Precision and Recall and will tries to give a good 
combination of the two. It is calculated with the 
equation: 

),(),(

),(),(2
),(

irir

irir
ir SLPSLR

SLPSLR
SLF

+
∗∗=

                     (4) 
In a classification task, a precision score of 1.0 

for a class C means that every item labeled as 
belonging to class C does indeed belong to class C 
(but says nothing about the number of items from 
class C that were not labeled correctly) whereas a 
recall of 1.0 means that every item from class C was 
labeled as belonging to class C (but says nothing 
about how many other items were incorrectly also 
labeled as belonging to class C). Often, there is an 
inverse relationship between precision and recall, 
where it is possible to increase one at the cost of 
reducing the other. Usually, precision and recall 
scores are not discussed in isolation. Instead, either 
value for one measure are compared for a fixed level 
at the other measure (e.g. precision at a recall level of 
0.75) or both are combined into a single measure, 
such as their harmonic mean the F-measure, which is 
the weighted harmonic mean of precision and recall.  

 
Validating the Performance of the Classification: 

Classifier performance depends on the 
characteristics of the data to be classified. 
Performance of the selected algorithms is measured 
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for Precision, Recall and F-Measure. Various 
empirical tests can be performed to compare the 
classifier like holdout, random sub-sampling, k-fold 
cross validation and bootstrap method. Here we did 
Holdout Cross validation for evaluating the proposed 
classification models. 

 
Holdout Cross validation: 

The holdout method is the simplest kind of cross 
validation. This 2-fold cross validation is the 
simplest variation of k-fold cross-validation. For 
each fold, we randomly assign data points to two sets 
d0 and d1; so that both sets are equal size (this is 
usually implemented by shuffling the data array and 
then splitting it in two). We then train on d0 and test 
on d1, followed by training on d1 and testing on d0. 
The advantage of this method is that it is usually 
preferable to the residual method and takes no longer 
to compute. However, its evaluation can have a high 
variance. The evaluation may depend heavily on 
which data points end up in the training set and 
which end up in the test set, and thus the evaluation 
may be significantly different depending on how the 
division is made. 

This has the advantage that our training and test 
sets are both large, and each data point is used for 
both training and validation on each fold. 

We used Holdout Cross validation (or k-Fold 
Validation with k=2) because, the dataset contains 
sufficient amount of samples which can be separated 
and used for training and testing (50%, 50%). 

Further, instead of doing holdout cross 
validation for one time, the data set is randomly 
permuted and the training and testing records were 
randomly taken for 10 times and the average result of 
10 such holdout cross validations were only 
considered. 

 
Implementation and Evaluation: 

For implementing and evaluating the BPN and 
SVM based classifier, we used Matlab 7. The 
proposed Improved model for C4.5 based CTG data 
classifier is implemented and evaluated using Weka 
data mining tool. 

 
Data Set Information: 

For evaluating the algorithms under 
consideration, we used cardiotocograms data from 
UCI Machine Learning Repository. 

This data set contains 2126 fetal 
cardiotocograms belonging to different classes. The 
data contains 21 attributes and two class labels. The 
CTGs were classified by three expert obstetricians 
and a consensus classification label assigned to each 
of them. Classification was both with respect to a 
morphologic pattern (A, B, C. ...) and to a fetal state 
(N, S, and P). Therefore the dataset can be used 
either for 10-class or 3-class experiments. Here we 
use this data set for these evaluations. 

 

Class Information: 
We used the data for a three class classification 

problem. The descriptions for the three classes are 
 
Normal: 

A CTG where all four features fall into the 
reassuring category. 
 
Suspicious: 

A CTG whose features fall into one of the non-
reassuring categories and the reassuring category and 
the remainder of features are reassuring. 
 
Pathological: 

A CTG whose features fall into two or more of 
the Non-reassuring the reassuring category or two or 
more abnormal categories. 

 
The Visualization of Data Space: 

The image (Fig. 3) shows the projection of this 
21 attribute (dimension) data in to a virtual three 
dimensional data space. We used three principal 
components of the data for this projection. In this 
plot, the normal CTG data points are shown in black 
dots, the suspicious data points are shown as blue 
dots and the Pathologic data points are shown as red 
‘x’ mark. This figure roughly shows the distribution 
of the data in the virtual space. 

 
Results and Discussions  

 
The  arrived results (Table. 1) shows, in terms of 

Rand Index, the performance of  IC4.5 based 
classifier is better than the other two.  In terms of 
time, the performance of IC4.5  was good. The 
Comparison of Precision under three different 
methods. The proposed IC4.5 based classifier 
provided good Precision in all the cases (Normal, 
Suspicious and pathological). Even though the 
performance of SVM in terms of Precision is good 
while classifying the Normal and Pathologic records, 
it was not good in identifying the suspicious cases. 
Particularly, the proposed method significantly 
improved the performance in the case of suspicious 
class. The Comparison of Recall under three 
different methods. The IC4.5 based classifier 
provided good Recall in all the cases.  In terms of 
recall, SVM was not good in identifying the 
suspicious cases. The Comparison of F-Measure 
under three different methods. The proposed IC4.5 
based classifier provided good F-Measure in all the 
cases (Normal, Suspicious and pathological). Even 
though the performance of SVM in terms of recall is 
good while classifying the Normal records and 
moderate performance in Pathologic records, it was 
not good in identifying the suspicious records. In 
general, the BPN algorithm gives good performance 
for normal records and moderate performance in all 
other cases. The SVM algorithm gives good 
performance for normal records and poor 
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performance in all other cases. The IC4.5algorithm 
gives good performance in all the cases (Normal, 
Suspicious and pathological).  

The derived results obviously show that the 
proposed IC4.5 approach improved the classification 
performance.  The IC4.5 approach provided good 
performance in all cases than compared other 
methods. 
 
Conclusion: 

We have evaluated the performance of the three 
methods with respect to three different metrics. The 
performance of standard neural network based 
classification model (BPN) and SVM were has been 
compared with proposed IC4.5 Model. According to 
the derived results, the performance of the proposed 
IC4.5based classification approach provided 

significant performance than other compared 
methods.  

It was found that, the proposed IC4.5 based 
classifier was capable of identifying Normal, 
Suspicious and Pathologic condition, from the nature 
of CTG data with very good accuracy. If we see the 
performance of IC4.5 with respect to all the metrics, 
then we can say that it almost provided double the 
performance of the other two compared methods. 

So, future works my address the way to improve 
the system to recognize the suspicious CTG patterns 
and treat them separately while training and testing. 
One may address the way to improve the system for 
getting proper training with different classes of CTG 
patterns. Future works may address hybrid models 
using statistical and machine learning techniques for 
improved classification accuracy. 

 
 

 
 

Fig. 1: Feed forward Network 
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Fig. 2: Improved model for C4.5 based CTG data classifier 
 

 
 

Fig. 3: The 3D projection of CTG data 
 

Table 1: Comparison of Results with average of 10 Trials 
Method RI P1 P2 P3 R1 R2 R3 F1 F2 F3 Time 
BPN 0.4675 0.9246 0.6294 0.7486 0.9703 0.6183 0.6242 0.9456 0.6226 0.6789 0.5234 
SVM 0.8757 0.8447 0.5328 0.9819 1.0000 0.2085 0.3050 0.9167 0.2928 0.4666 0.1516 
IC4.5 0.9828 0.9424 0.7799 0.9878 0.9694 0.7428 0.8476 0.9769 0.7698 0.8988 0.1291 

Where, RI is the Rand Index. P1 is the precision for normal record, 
P2 is the precision for suspicious record and P3 is the precision for 
pathological records, R1 is the recall for normal record, R2 is the 
recall for suspicious records and  R3 is the recall for pathological 
records. F1 is the F-Measure for normal records, F2 is the F-

measure for suspicious records and F3 is the F-measure for 
pathological records. Time is the CPU time taken for the 
algorithm. 
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Appendix – I: 
Attribute Information: 

1. LB - FHR baseline (beats per minute) 
2. AC - # of accelerations per second 
3. FM - # of fetal movements per second 
4. UC - # of uterine contractions per second 
5. DL - # of light decelerations per second 
6. DS - # of severe decelerations per second 
7. DP - # of prolongued decelerations per 

second 
8. ASTV - percentage of time with abnormal 

short term variability 
9. MSTV - mean value of short term 

variability 
10. ALTV - percentage of time with abnormal 

long term variability 
11. MLTV - mean value of long term variability 
12. Width - width of FHR histogram 
13. Min - minimum of FHR histogram 
14. Max - Maximum of FHR histogram 
15. Nmax - # of histogram peaks 
16. Nzeros - # of histogram zeros 
17. Mode - histogram mode 
18. Mean - histogram mean 
19. Median - histogram median 
20. Variance - histogram variance 
21. Tendency - histogram tendency 
22. CLASS - FHR pattern class code (1 to 10) 
23. NSP - fetal state class code (Normal=1; 

Suspect=2; Pathologic=3)  


