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Abstract— The analysis of cardiotocogram (CTG) is the
standard approach employed during pregnancy and delivery.
Its interpretation requires however high level of expertise in
order to decide whether the recording is Normal, Suspicious or
Pathological, which is not always available. Therefore, a
number of attempts have been carried out over the past three
decades for development of automated systems that can mimic
the human expert. These systems are usually (multiclass)
classification systems that assign a category to the respective
CTG. However most of these systems usually do not take into
consideration the natural ordering of the categories associated
with CTG recordings. In this work we examine the utility of
using an algorithm which explicitly takes into consideration the
ordering of CTG categories. The results suggest that the
investigated ordinal classification approach is marginally better
than the traditional multiclass classification approach.

I. INTRODUCTION
Since its introduction, electronic fetal monitoring has
become the prevalent measure of fetal surveillance.
Electronic Fetal monitoring is usually synonymous to the
evaluation of the cardiotocogram (CTG) (the fetal heart rate
(FHR) and the uterine contractions (UC) printed on a single
stripe of paper) by an expert clinician using specific
guidelines [1]. However, such an expertise is not always
available, making CTG evaluation a difficult task.
With the advances both in computer technology and
machine learning, a number of systems [2],[3] were proposed
with the ultimate goal to replicate if not surpass human
performance. All these systems follow the same pattern
recognition principal: a set of features/indicators is extracted
from the CTG (primarily from the FHR) and then is fed to a
classifier to perform the categorization / decision making. To
this end numerous features [4]-[6] and machine learning
algorithms [7]-[11] have been proposed and tested over the
past three decades.
Nevertheless, these approaches do not explicitly take into
consideration the natural ordering of the main three
categories used to characterize a CTG recording (Normal,
Suspicious and Pathological). In our previous work this
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ordering was investigated for the first time through the use of
an ordinal classification scheme and the results showed that
the ordinal classifier achieves better performance compared
to its nominal counterpart [12]. In this work we further
exploit that using a different and bigger data set [2],[13],[14].
The achieved results show that the ordinal classification
paradigm should be given more attention.
The rest of the paper is structured as follows. Section II
summarizes all the involved methods. In Section III the
experiments conducted and the achieved results are presented
while section IV concludes the paper offering also some hints
for future research directions.
II. METHODS
The most common machine learning problems are
classification and regression ones. In the former the machine
learning algorithm tries to predict a categorical variable while
in the latter the targeted variable takes real values. While in
the former the assumption is that the categorical variables
have not ordering and that taking the difference between
them has no actual meaning, in the latter the predicted
outputs, being real valued, can be compared and conclusions
can be drawn by assessing for example their absolute
different. In between these two paradigms, lies the ordinal
classification/regression, where the output is still fixed to a
number of predefined classes, but the ordering of those
classes has actual meaning. For example, in the medical field
the health status is routinely assessed using terms such as
normal, suspicious, pathological or severely deteriorating. In
other words, class labels contain order information, e.g. a
sample vector associated with class label “average” has a
higher rating (or better) than another from the “poor” class,
but “good” class is better than both.
Using mathematical notation, the ordinal classification
problem consists of predicting the label y of an input vector
x

, where x  X   K and y  Y  C1 , C 2 , ..., C Q  with C1

C2
… C1, where
defines the ordering relation
between the labels. This ordering relation differentiates.
There a number of ordinal classification approaches [15]
which are the ordinal counterparts of conventional nominal
classifiers. In this work since the aim is to validate the utility
of the ordinal approach to the specific CTG classification
problem and based on previous results that showed that
simpler approaches can be competitive to more elaborated
ones [16], the simple ordinal classification scheme described
in [17], was selected. One of the advantages of this approach
is that conventional classifiers can be used with no need of
modification.
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A. Binary Decomposition
The method in [17], decomposes the original Q class
ordinal problem into Q  1 binary class problems and uses
the estimated probabilistic values of the binary classifiers to
perform an overall prediction. The method works as follows:
a model is built to predict what is the probability of a given
instance to belong at any of the classes that are located
higher than C 1 , higher than C 2 etc. up to the probability of
the instance belonging to the “highest” class C Q . Then
taking into consideration the monotonic ordering of classes
the probability of each category can be easily estimated:
Pr  C1 | x   1  Pr  class
P r  C n | x   P r  class

C1 | x 

C n  1 | x   P r  class

(1)
Cn | x ,

(2)

for 1  n  Q

Pr  C Q | x   Pr  class

C Q 1 | x 

(3)

Obviously the class with the highest probability defines
the outcome of the algorithm.
𝐶𝑖 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖 (𝑃𝑟(𝐶𝑖 ))

(4)

In this work the C4.5 is involved as the base binary
classifier as in the original publication [17], considering also
the results of [16].
B. The C4.5 algorithm
The C4.5 algorithm builds a Decision Tree using a greedy
algorithm. During the training phase each node of the tree is
assigned a number of samples which are weighted to take
into account unknown attribute values. Given that the set of
samples associated with the node t is denoted as V , the
weighted frequency freq ( i , V ) of cases in V whose class is
i , i  [1, .., Q ]
with Q being the number of classes, is
computed. Since usually V contains cases belonging to two
or more classes the information gain must be computed for
each attribute
gain  info(V )  
i

Vi
V

 info(V i )

(5)

where Vi , i  1, ..., s is the set of the splitting produced by
the test on the selected attribute and s is the number of
splitting of node t . After that the entropy info(V ) of the set
V is given by:
Q

info(V ) 



j 1

freq ( j , V )
V

 f ( j,V ) 
 log 2 


V



(6)

If V i is not empty, the divide and conquer approach
consists of recursively applying the same operations on the
set consisting of V i plus those cases in V with unknown
value of the selected attribute.

C4.5 can also provide the probability of an input vector
belonging to a specific class based on a count of the training
samples belonging to each leaf.
C.

Synthetic minority oversampling TEchnique
(SMOTE)

As it is shown in the following section, the dataset is
heavily imbalanced towards the normal class. This is a
common situation in the biomedical field, where non-patients
outnumber patients. This from an algorithmic point of view
makes training difficult and without proper consideration
models that can only predict the majority category can be
created with very high, though useless, overall accuracy. One
way to deal with this kind of data imbalance is to alter the
number of training samples either by downsampling the
majority class or by oversampling the minority class(es). In
this work the Synthetic Minority Oversampling TEchnique
(SMOTE) is adopted [18]. This technique instead of simply
oversampling the minority class, it creates synthetic examples
“filling” the space between the original instances that belong
to the minority class.
III. EXPERIMENTS – RESULTS
A. Data set
For this study the Cardiotocogram data set [13] from UCI
repository is used [14] which contains 1655 Normal, 295
Suspicious and 176 Pathological cases with the labels
assigned by three experts following a consensus procedure.
The data set was automatically created using the SisPorto 2.0
software [2]. 21 features were extracted in total, which are
summarized in Table I.
TABLE I.
Feature
Abbreviation
LB
AC
FM
UC
ASTV
mSTV
ALTV
mLTV
DL
DS
DP
Width
Min
Max
Nmax
Nzeros
Mode
Mean
Median
Variance
Tendency

EXTRACTED FEATURES
Feature description

baseline value
accelerations
foetal movement
uterine contractions
percentage of time with abnormal short term
variability
mean value of short term variability
percentage of time with abnormal long term
variability
mean value of long term variability
light decelerations
severe decelerations
prolongued decelerations
histogram width
low freq. of the histogram
high freq. of the histogram
number of histogram peaks
number of histogram zeros
histogram mode
histogram mean
histogram median
histogram variance
histogram tendency

B. Experimental procedure
For evaluating the conventional and the ordinal
classification schemes, 2 fold stratified cross validation (CV)
was repeated 20 times (20x2 CV). In other words, each time
the original data was divided randomly into a training and a
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testing set, retaining the ratios of the different classes. Then
SMOTE was applied to the Suspicious and the Pathological
population of (only) the training set in such a way as the
resulting training samples for each class to be approximately
equal. After that the conventional as well as the ordinal
classifiers were trained and tested using the test set and their
classification performance was assessed using the measures
described in the following section. After that the training
(without the synthetically created examples) and the testing
sets would be switched and the aforementioned procedure
was performed once more. This procedure was repeated 20
times and the results are summarized in the form of confusion
matrices in the Appendix
C. Results
For conventional classification problems, overall
accuracy (the percentage of correctly classified instances) is
the most common measure of performance. However, for
imbalance data sets, other measures which are not affected by
the class imbalance are preferred like the geometric mean of
the individual recall values:

Figure 1. Box plots depicting the overal accuracy

(6)

𝑔𝑚𝑒𝑎𝑛 = (∏ 𝑟𝑒𝑐𝑎𝑙𝑙𝑖 )1/3

However, both of these measure do not take into account
the ordering of the classes and the corresponding implication
of confusing non-adjacent categories (misclassifying a
normal instance as pathological is more severe an error than
misclassifying a normal instance as suspicious). Therefore
other measures could be considered [15], [19] when it comes
to the assessment of different ordinal classifiers such as the
Mean Absolute Error (MAE) and the Average MAE
(AMAE).
MAE as its name implies, is the average deviation of the
prediction from the true class
M AE 

1
N

N

 s  yˆ   s  y 
i

(7)

i

i 1

where s is a score function which in its simplest formalso considered here- is given by s  y i   i , 1  i  Q

Figure 2. Box plots depicting the geometric mean

As in the case of overall performance, in the case of
imbalanced classes MAE is also not the most appropriate
measure. Therefore for that case, the Average MAE
(AMAE) was proposed [20] which takes into account the
differences in size of the involved classes:
AM AE 

1

Q


Q

j 1

N

1
N

j

 s  yˆ   s  y 
i

j

i

(8)

i 1

where N j is the number of cases belonging to class j .
This way the “contribution” of each class is conversely
proportional to its cardinality.
Given these measures, the performance of the two
algorithms is summarized in Table II and graphically
depicted in Fig. 1-4. As it can be seen the ordinal approach
is better even though the difference is not statistically
significant.

Figure 3. Box plots depicting the MAE
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Figure 4. Box plots depicting the AMAE
TABLE II.

AVERAGE CLASSIFICATION MEASURES

Accuracy
0.9041
0.09055

Nominal
Ordinal

[9]

GMean
0.8066
0.8151

MAE
0.1105
0.1053

AMAE
0.0368
0.0351

IV. CONCLUSIONS
In this work an ordinal classification approach was
investigated for the assessment of CTG recordings. The
method was compared to its nominal counterpart and the
results are promising indicating that this specific approaches
is suitable for this specific application since it is able to
exploit the intrinsic ordering of the assigned classes. In
future work more advanced ordinal schemes will be tested to
fully exploit the applicability of the proposed method.
APPENDIX
TABLE III.

NOMINAL CLASSIFICATION – AGGREGATE CONFUSION
MATRIX

Confusion Matrix
True
Class

Normal
Suspicious
Pathological

TABLE IV.

CLASSIFICATION – AGGREGATE CONFUSION MATRIX

Confusion Matrix
True
Class

Normal
30879
1787
434

Predicted Class
Suspicious
Pathological
1078
190
4404
169
418
3161

Normal
Suspicious
Pathological

Normal
30790
2048
262

Predicted Class
Suspicious
Pathological
920
199
4648
256
332
3065
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