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Abstract 

Computerized techniques for Cardiotocograph (CTG) based labor stage classification would support obstetrician for 
advance CTG analysis and would improve their predictive power for fetal heart rate (FHR) monitoring. Intrapartum 
fetal monitoring is necessary as it can detect the event, which ultimately leads to hypoxic ischemic encephalopathy, 
cerebral palsy or even fetal demise. To bridge this gap, in this paper, we propose an automated decision support 
system that will help the obstetrician identify the status of the fetus during ante-partum and intra-partum period. The 
proposed algorithm takes 30 min of 275 Cardiotocograph data and applies a fuzzy-rule based approach for identifica-
tion and classification of labor from ‘toco’ signal. Since there is no gold standard to validate the outcome of the pro-
posed algorithm, the authors used various statistical means to establish the cogency of the proposed algorithm and 
the degree of agreement with visual estimation were using Bland–Altman plot, Fleiss kappa (0.918 ± 0.0164 at 95% CI) 
and Kendall’s coefficient of concordance (W = 0.845). Proposed method was also compared against some standard 
machine learning classifiers like SVM, Random Forest and Naïve Bayes using weighted kappa (0.909), Bland–Altman 
plot (Limits of Agreement 0.094 to 0.0155 at 95% CI) and AUC-ROC (0.938). The proposed algorithm was found to be 
as efficient as visual estimation compared to the standard machine learning algorithms and thus can be incorporated 
into the automated decision support system.

Keywords:  Cardiotocograph, Toco, Stages of labor, Bland–Altman plot, Fleiss kappa, Kendall’s coefficient of 
concordance
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Introduction
Continuous electronic fetal monitoring is a part and par-
cel of modern day obstetric management. In recent years, 
approximately 3.4 million fetuses in the United Stated 
were assessed with electronic fetal monitoring (EFM), 
making it the most common obstetric procedure. Despite 
widespread belief as an insignificant and sometimes mis-
leading tool, every hospital in all parts of the world is 
equipped with a CTG monitors which itself speaks about 
its significance [1]. Fetal heart rate and uterine pressure 

are two inseparable contents of CTG. Though ignored 
earlier, uterine contraction monitoring plays a pivotal role 
in the final interpretation of a CTG trace. The renewed 
interest in the uterine activity during labor has stemmed 
up from the evidence, which shows that labor, particu-
larly dysfunctional one can affect the long term health 
of the offspring. While there has long been suspicion in 
the clinical literature that abnormal labor can injure the 
fetus, most of the studies are hampered by small sample 
sizes or imprecise definitions of dystocia. Specifically, 
prolonged latent phase was not associated with adverse 
outcome; but protraction and arrest disorders were, with 
arrested labor being the major contributor to childhood 
problems. A major portion of the demonstrable adversity 
associated with dysfunctional labors was attributable to 
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the mode of delivery or to factors that led to the develop-
ment of abnormal labor [2]. Though a decline in the cases 
of neonatal seizures had been noted due to the introduc-
tion of fetal monitoring, incidence of perinatal death had 
not improved in general [3]. During active second stage 
of labor, the fetus is at the high risk of developing acido-
sis. Thus, the FHR pattern as well as the uterine activity 
or toco should be clearly followed. Fetal monitoring sys-
tem was initially developed to measure FHR. But it was 
not enough to determine the fetal distress. Hence uter-
ine contraction pressure (UCP) was introduced later as 
the deceleration pattern of fetal heart rate (FHR) need to 
be correlated with the duration and amplitude of uterine 
contraction to determine the status of the fetus. In the 
early days of the automation of FHR analysis, not much 
attention was given to the recognition of contraction and 
the identification of deceleration types. Most modern 
algorithms used to monitor the status of the fetus were 
more stable and they were taking into account both the 
FHR and the UCP. Over the years several commercial 
systems have shown encouraging results. They are given 
in the Table 1.

Dawes and Redman worked with FHR signal in 1977 at 
the Oxford University in 1977. They mainly worked with 
patients between 26 and 42  weeks of pregnancy. They 
developed a system called System 8000 which worked on 
a set of criteria called Dawes/Redman criteria. This sys-
tem eventually evolved to SonicaidFetalCare. It is based 
on the crisp logic proposed in the FIGO guidelines [4].

NST-EXPERT was proposed in 1995 by Alonso-Betan-
sos. The system consists of a deterministic and a heuris-
tic unit. The deterministic module is responsible for the 
acquisition of patient data, whereas, heuristic module 
is responsible for interpreting these data to help in the 
diagnostic decision making [5].

In 1995 Betanzos and Berdinas developed NST-
EXPERT—an expert system to diagnose the fetal state 
using non-invasive technique. This system is also capable 
of proposing a treatment [6, 7].

2CTG2 was proposed by Magenes et al. [8]. This system 
samples the FHR signal at 2 Hz and extracts the various 

features of both the signals. Approximate Entropy Analy-
sis was used for the analysis. This algorithm did not pro-
duce any significant clinical improvement, however, it 
reduced inter and intra-observer variability.

In their recent work Comert et  al. established the 
importance of feature selection algorithms in the auto-
mated analysis of CTG as this reduces the dimension of 
the feature set as well as reveals the most significant fea-
tures without losing the important information [9].

But they all have failed to fulfill the levels of expecta-
tion due to the inherent uncertainties associated with the 
CTG interpretation. The goal of the researchers in this 
paper is to provide the obgyn experts with an automated 
decision support system that will help them identify the 
status of the fetus.

One of the parameters that is needed to determine the 
fetal wellbeing is to determine the stage of labor. In this 
paper the authors present a novel method of identifying 
the stage of labor using soft computing based technique.

Problem statement—why uterine activity assessment 
is essential
Assessment of uterine activity is an index to predict-
ing not only the stage of labor, but the fetal wellbeing as 
well. During pregnancy the uterus is stretched progres-
sively. Contractions are the physiological response to this 
stretch. Frequency and intensity of contraction increases 
as the pregnancy progresses [10]. Excessive uterine activ-
ity may give rise to fetal hypoxia. There are several rea-
sons for monitoring the uterine activity:

	 i.	 Fetus may already be compromised even when the 
mother is not in labor. During active labor such 
fetus may become further compromised.

	 ii.	 Abnormal uterine contraction when the mother is 
not in labor is ominous.

	iii.	 It shows how the labor is progressing.
	iv.	 In active labor patients if the uterine contraction 

ceases then it may indicate uterine rupture and 
subsequent maternal morbidity.

Table 1  Commercialized system for CTG interpretation till date

System name System details

System 8000 Dawes & Redman (1981). First commercial system.

SonicaidFetalCare Upgraded version of System 8000

NST-Expert Alonso-Betanzos (1995). It is an expert system capable of proposing treat-
ment and diagnosis

CAFE (Computer Aided Fetal Evaluator) Guijarro-Berdiñas, Alonso-Betanzos (2002). Modified version of NST-Expert

2CTG2 Magenes and Signorini (2007)

Omniview SisPorto 3.5 de Campos and his team at the University of Porto, Portugal {2008).
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	 v.	 Prolonged second stage of labor accompanied by 
poor cervical dilation may lead to non-progress of 
labor and eventual fetal compromise.

Although intrauterine pressure estimation is most 
accurate method of detecting labor, it requires exper-
tise, sophisticated equipment and aseptic technique, 
which are rarely available in under-developed coun-
tries. Thus, a non-invasive method like CTG with accu-
rate interpretation algorithm is the need of the hour.

Uterine activity—physiological perspective
Tonnus pressure or the resting tone is the steady con-
traction of the uterine muscle. It is due to the elas-
tic recoil of the tissues in and around the uterus that 
causes the pressure to rise to 7.5–15 mmHg. Contrac-
tion of the uterus results in intra-uterine pressure 
(IUP). Blood flow in the uterus is reduced when the IUP 
is greater than 30  mmHg. Blood flow to the uterus is 
lowest at the peak of the contraction and slowly returns 
to normal as the uterine activity ceases. Before, during 
and after normal contractions blood flow to the uterus 
and umbilical artery are uninterrupted. But when 
uterine contractions are long, frequent and with high 
amplitude, oxygen supply to the fetus is significantly 
reduced [11]. For the first 30 weeks, uterine activity is 
comparatively gentle; usually not more than 20 mmHg. 
Frequency and intensity of uterine activity begin to 
increase gradually after 30  weeks. These increments 
become even more prominent in the last weeks of preg-
nancy. Labor is said to have started when uterine activ-
ity (UA) is about three contractions of approximately 
40  mmHg in a 10-min window. But it is not possible 
to differentiate between antepartum and intrapartum 
period from the UA [12]. In the first stage of labor 
uterine contraction (UC) gradually increases from 
25 mmHg to about 50 mmHg. Frequency of contraction 
is 3–5 per 10  min and the basal tone is 8–12  mmHg. 
During the second stage there further increase in the 
UC and it typically reaches 80–100 mmHg. Frequency 
of contraction at this stage is 5–6 per 10 min window. 
The parameters that define uterine activity are:

	 i.	 Intensity—it is the degree of uterine systole. It 
increases as the labor progresses and reaches the 
maximum value during the second stage of labor.

	 ii.	 Duration—usually lasts for 10–15  s and gradually 
rises to 40–45 s.

	iii.	 Frequency—in the early stage of labor, contraction 
comes in the interval of 10–15 min, which gradu-
ally increases, to maximum in the second stage of 
labor.

Challenges of uterine activity monitoring
Since the fetus is not directly accessible, diagnosis of its 
status is based on indirect parameters like presence of 
certain patterns in FHR and UCP, and the possible cor-
relation. Disparity in diagnosis is quite common because:

	 i.	 All observations can be prone to error.
	 ii.	 There are widely varying inter and intra observer 

variations. It has been found that there are 8.86% 
disagreements among the observers on analysis of 
existing data set.

	iii.	 Evaluation of fetal status is especially difficult 
because of the analytic nature of the signals that 
evolve over a long period of time.

The lowest intra-uterine pressure between contractions 
is called the resting tone. During labor the resting tone 
rises to 10–15 mmHg. The parameters needed to identify 
the stage of labor are number of contractions in a 10 min 
window and the intensity of contractions. Authors have 
found that calculation of intensity taking the resting tone 
as zero gives rise to erroneous identification of contrac-
tion which in turn leads to wrong classification of decel-
eration. Thus before proceeding with finding any other 
parameter it is necessary to find the stage of labor. Within 
the definitions provided by NICHD, uterine activity is 
quantified as a number of contractions present in 10 min 
window averaged over 30 min [13]. In July 2009, ACOG 
defined uterine contractions ≥ 6 as tachysystole [14]. 
These guidelines are suitable for visual interpretation but 
cannot be effectively used in an automated system. The 
proposed module was designed using an adaptive process 
of learning and experimentation. Users can learn from 
the decision domain by a collaborative process of extract-
ing patterns from the existing data and constructing and 
refining a predictive model using these patterns.

Novelty of the proposed method
Uterine activity is measured over a fixed time period. The 
medical literature provides us the parameters of the con-
traction such as duration, skewness and amplitude. Based 
on these parameters the progress in labor is measured. 
Especially, a great emphasis was placed on the skewness, 
but it was later proved inaccurate [15]. Several methods 
of measuring the uterine activity that are still in use are 
shown in Table 2:

MAP was considered the best method for the quan-
titation of uterine activity, but it could not guarantee 
that this provided a better insight into the status of the 
fetus. None of these methods offers a clear idea about 
how to accurately identify the stage of labor. Hence 
these methods are not sufficient to be incorporated in 
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the automated analysis of the uterine activity and clas-
sification of the stage of labor.

The authors introduced three parameters, which are 
evaluated in a thirty minutes window to classify the 
progress of labor:

	 i.	 Maximum value of the amplitude of UCP.
	 ii.	 Range of values of UCP within this 30 min window. 

UCP values are divided into three ranges: less than 
35  mmHg, between 35 and 70  mmHg and above 
70 mmHg.

	iii.	 Frequency of occurrence of each range.

Materials and methods
Fuzzy logic in medical diagnosis
Medical diagnosis is a field that deals with complexity 
of the human body, symptoms of disease, overlapping 
symptoms of different diseases and imprecise knowl-
edge about the symptoms and the diseases. Acquisition 
of domain knowledge, analysis of human physiology 
etc. produces large number of cause effect relations. 
These relations however are a poor approximation of 
the complex system and there are lots of uncertainty 
involved [16].

A technique is needed for accurate and fast diagnosis 
in spite of incomplete or imprecise information. Physi-
cians should be able to classify situations constantly in 
the same category when comparable cases are encoun-
tered. Establishment of consistent classification is pos-
sible using intelligent processing by human experts 
and there are always chances of disagreement in an 
environment of uncertainty [17]. Fuzzy representa-
tions are thus useful for capturing this uncertainty and 
modeling the acquisition of knowledge by the experts 
[18].

Proposed work
Dataset description
The data set used in this work was obtained from the 
CTU-UHB [19], free database of Czech Technical Uni-
versity, Department of cybernetics. Each set of data com-
prises a CTG trace with corresponding metadata viz. 
numeric value of uterine pressure and FHR in a timeline. 
Each CTG trace has a 90 min of recording and signals are 
sample at 4 Hz. Data sets with missing signal values were 
excluded from the study. Further, each set of data were 
classified as 0, 1 and 2 to denote labour stages 1, 2 and 3 
respectively. The classification was done by three expert 
ObGyn clinicians.

Sample size was tested for adequacy with confidence 
level 95% and confidence level α = 0.05 [20]. A sample 
FHR and UCP signal is shown in Fig. 1 and an overview 
of the proposed work is shown schematically in Fig. 2

Fuzzification of  parameters  Parameters taken into 
account are highest peak reached by toco in a 30  min 
window, range of values of toco and frequency of occur-
rence of each of these range of values. Linguistic variables 
associated with the parameters are Peak-value, Range and 
Frequency. Thus the set of parameters is

Each of these linguistic variables x is associated with 
term set APi(x) i.e. the set of linguistic terms and a set of 
discourse X. Thus,

The set of toco readings of the patients are given by

The set of linguistic variables associated with the diag-
nosis are given by

Π = {P1,P2,P3} =
{

Peak_value,Range, Frequency
}

APi(x) = {A1,A2,A3} =
{

Low,Medium,High
}

T = {T1,T2, . . . .,Tn}

Table 2  Existing methods on uterine pressure monitoring

Method Researcher Measurement Window Comment

Montevideo unit (MU) Caldeyro-Barcia, 1957 Mean amplitude × mean frequency 10 min Did not consider the shape and duration of the 
contraction.

Alexandria unit (AU) El-Sahwi, 1967 MU × mean duration 10 min Did not consider the shape of the contraction. 
Improvement over MU

Uterine activity unit (UAU) Han & Paul, 1973 Area under the UCP curve 1 min Cannot differentiate between active pressure 
and basal tone.

Uterine activity integral (UAI) Steer, 1984 Area under the UCP curve 15 min Independent of the duration of integration 
period.Mean active pressure (MAP) Phillips & Calder, 1987 UAI/900 s 1 s

Mean contraction activity 
pressure (MCAP)

Phillips & Calder, 1987 UAI/total duration
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Main perception of fuzzy logic are belongingness of 
members to a set in certain degree. This makes fuzzy 
suitable for modeling observer’s perception of vague 
information. Fuzzifier converts crisp inputs to fuzzy 
values. Parameter Pi takes the values µPi ϵ [0, 1], where 
µPi is the degree to which toco exhibits parameters Pi . 
The relationship between the toco of the patients and 
the parameters is given by the fuzzy relation.

where µN

(

Ti,Πj

)

 is the degree to which Ti exhibits 
parameter Πj . The relationship between the parameters 
and diagnosis are

� = {D1,D2,D3} =
{

Normal, Stage1, Stage2
}

RTΠ ⊂ T×Π

Fig. 1  Fetal heart rate and uterine contraction pressure signal

Fig. 2  Schematic diagram of the proposed model
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The universe of discourse for linguistic variable peak 
value, range and frequency are [0,200], [0, 200] and [0, 
20] respectively. Fuzzy membership functions for each of 
the linguistic variables is calculated as in Eqs. (1)–(6). For 
the calculation of degree to which the linguistic variables 
satisfy the linguistic label APi authors have use Gaussian, 
S and Z membership functions [21–23]. Max–min com-
position of fuzzy relations for patient-diagnosis are given 
by

Uncertain or imprecise knowledge of the clinicians 
were captured by interviewing them. They were asked 
how they interpreted some patterns or the combination 
of patterns in toco and what diagnosis they had reached. 
The knowledge of experts is converted into IF….THEN 
rules which are of the form:

Classification
Defuzzification is done with the help of neural network. 
Five-fold cross validation was used to avoid possible bias. 
Training process is applied to all the folds except one, 
which is used for testing. The obtained output is the mul-
tilevel classification with 0, 1 and 2 indicating the three 
stages of labor. Fuzzified values of the linguistic vari-
ables are the first level input to the neural network. It is 
a 3-input fuzzy model with 18 rules. Out of the 18 rules 
some are listed below:

The general architecture of ANN is given in Fig. 3. The 
network consists of five layers:

Layer 1 The node function of the ith node in this layer 
is given by O1,i. Thus, the outputs are,

The degree of membership values of fuzzy set that 
describe the antecedent of the rules Rk are realized in 
this layer. O1,i is thus the degree to which given input Pi 

RΠ� ⊂ Π ×�.

RT� = RTΠ ◦ RΠ�

IF (P1 is APi) ∧ (P2 is APj ) ∧ (P3 is APk ) THEN Dn

R1 : If P1 is µP1l and P2 is µP2l and P3 is µP3l Then f1

= a1P1 + b1P2 + c1P3 + d1

R2 : If P1 is µP1l and P2 is µP2l and P3 is µP3m Then f2

= a2P1 + b2P2 + c2P3 + d2

R18 : If P1 is µP1h and P2 is µP2h and P3 is µP3h Then f18

= a18P1 + b18P2 + c18P3 + d18

O1,i = µAi(P1), O1,i = µAi(P2), O1,i = µAi(P3).

satisfies the linguistic label i. The authors determine the 
MF for each Ai and these MFs are kept constant through-
out the learning process.

Layer 2 The parameters thus passed to layer 2 are,

where { µP1l , µP1m,µP1h }, { µP2l,µP2m,µP2h } and { µP3l,µP3m

,µP3h } are the degree of membership of the parameters 
P1 , P2 and P3 respectively to the linguistic label APi . Logi-
cal AND operation which is defined by the T-norm is 
performed in this layer. The output from each node is the 
product of all the incoming signals, i.e. the output from 
this layer gives information about the fulfillment of rules.

Layer 3 The ith node computes the ratio of ith rule’s 
firing strength to the sum of the firing strength of all the 
rules.

Layer 4 The node function of this layer is,

The values of ai, bi, ci , and di are set to 1 based on trial.
Layer 5 This layer has a single node to compute the 

final output by aggregating the incoming signals

Experiments
Three clinicians marked the stage of labor as stage-1, 
stage-2 and stage-3 or 0, 1, 2 respectively by observing 
the uterine contraction pattern from the CTG trace. 
The authors aim to compute the inter-observer agree-
ment as well as the agreement between the algorithm 
and the clinicians. For the former we used percentage 
of agreement and for later we opted for concordance 
analysis using various statistical methods. A compari-
son between the clinicians’ evaluation and the classifi-
cation done by the algorithm are given in Table 3 and 
the inter-evaluator disagreement is shown in Table 4.

Overall agreement among the doctors was nearly 
91.3% for all stages of labor. 91.2% of our result was in 
complete agreement with all the three doctors. This 





P1 µP1l µP1m µP1h
P2 µP2l µP2m µP2h
P3 µP3l µP3m µP3h



,

O2,i = wi = T (µPjl ,µPjm ,µPjh) = µPjl ∗̃µPjm ∗̃µPjh .

O3,i = w̄ =
wi

w1 + w2 + . . .+ w18

.

O4,i = w̄ifi = w̄i(aiP1 + biP2 + ciP3 + di)

O5,1 =
∑

i

w̄ifi =

∑

i

wifi

∑

i

wi



Page 7 of 13Das et al. Health Inf Sci Syst (2020) 8:16

was because of the disagreement among doctors and 
our result in distinguishing stage 2 and stage 3 labor.

Evaluation protocol
Concordance analysis
In the field of medicine many times physicians are found 
to disagree on a diagnosis. Diagnostic medicine is thus 

prone to error. Hence it is necessary to measure any 
newly introduced diagnostic technique against a ‘gold 
standard’ [24]. As far as the measurement of the stage of 
labor from the uterine contraction pattern is concerned 
the only available gold standard is the visual analysis by 
the physicians. Thus it is necessary to evaluate the degree 
of agreement both visually and quantitatively. Authors 

Fig. 3  The learning architecture of the proposed model
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thus opted for concordance analysis using various statis-
tical means.

Bland–Altman plot: assessment of agreement on ordinal 
scale
Mean discrepancy between the estimate provided by the 
physicians and that provided by the proposed method are 
assessed using Bland–Altman plot [25]. It assesses the 
difference between the methods not only quantitatively, 
but qualitatively as well. Bland–Altman plot is shown 
with 95% limit of agreement for one of the evaluators is 
shown in Fig. 4. Bias and its standard deviation and 95% 
confidence interval (CI) for lower and upper limits of 
agreement (LoA) are given in Table 5.

Fleiss Kappa: assessment of agreement on nominal scale
It is necessary to verify that the agreement between the 
obgyn experts and the algorithm is not occurring by 
chance. As the number of evaluators involved in the clas-
sification is more than two the authors used Fleiss’ Kappa 
to measure the inter-evaluators agreement with κ є [0,1] 
[26]. Here, n (number of subjects), k (number of evalua-
tion categories), m (number of evaluators) are 275, 3 and 
4 respectively. For every patient 1 ≤ i ≤ n the evaluation 
categories 1 ≤ j ≤ k, xij = the number of evaluators that 
assign category j to patient i. Thus,

The proportion of pair of evaluators that agree in their 
evaluation of patients is

0 ≤ xij ≤ m
k
∑

j=1

xij = m
n
∑

i=1

k
∑

j=1

xij = mn

Table 3  Percentage disagreement among  various evalua-
tors and the algorithm

% Disagreement Doc1 (%) Doc2 (%) Doc3 (%) Algorithm (%)

Doc1 – 5 2.7 3.18

Doc2 5 – 6.36 5.91

Doc3 2.7 6.36 – 4.55

Algorithm 3.18 5.91 4.55 –

Average 3.67 5.67 4.5 4.55

Table 4  Percentage of inter-evaluator disagreement

Among the doctor 
(%)

With majority 
of doctors and algo-
rithms (%)

Overall disagreement 
(%)

8.68 4.95 4.09

Fig. 4  Bland–Altman plot for Evaluator1 and the Algorithm

Table 5  Mean, standard deviation and  LoA for  Bland-Alt-
man Plot

Doc1–Algo Doc2–Algo Doc3–Algo

SD of Bias 0.1909 0.2334 0.2023

Bias 0.0091 − 0.0182 0.0136

Std. error 0.0129 0.0157 0.0136

95% CI lower − 0.3651 − 0.4756 − 0.3828

95% CI upper 0.3833 0.4392 0.4101
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The mean of pi is given by

Fleiss’ Kappa is defined by

Kappa for the jth category of diagnosis is given by

The standard error for kappa for the jth category of 
diagnosis is

Fleiss kappa was calculated using α = 0.05. The results 
obtained are shown in the Table 6.

Kendell’s coefficient of concordance: assessment 
of agreement among the physicians and the algorithm
It is used to measure the agreement among the clinicians 
and the algorithm [26]. There are m = 4 evaluators, which 
include three physicians and the algorithm, to evaluate 
k = 275 patients. Kendall’s W is calculated as

Let cij be the classification an evaluator j gives to patient 
i . For each patient i , Ei is the sum of classifications given 
by m evaluators

pi =

k
∑

j=1

C(xij , 2)

C(m, 2)
=

k
∑

j=1

xij(xij − 1)

m(m− 1)
=

k
∑

j=1

x2ij −m

m(m− 1)

pa =
1

n

n
∑

i=1

pi =
1

n

n
∑

i=1

k
∑

j=1

x2ij −m

m(m− 1)

κ =
pa − pε

1− pε
.

κj = 1−

n
∑

i=1

xij(m− xij)

mn(m− 1)qj(1− qj)
.

SE(κj) =

√

2

mn(m− 1)
.

W =
12E

m2(k3 − k2)
.

The result is W = 0.8448, r = 0.79305, df = 275, p 
value = 9.23E−58.

Comparison with some standard classifiers
We have used some standard machine learning algo-
rithms such as Support Vector Machine (SVM), Naïve 
Bayes (NB) and Random Forest (RF) to classify the 
UCP and compare the result with the one given by the 
proposed method as well as the evaluation given by the 
doctors.

Comparison with proposed algorithm as the reference
Bland–Altman plot with proposed algorithm as reference 
is shown in Fig. 5 and Table 7 shows the corresponding 
comparison of mean, standard deviation and 95% confi-
dence interval (CI).

Comparison with doctor’s evaluation as the reference
Bland–Altman plot with doctor’s evaluation as reference 
is shown in Fig. 6 and Table 8 shows the comparison of 
mean, standard deviation and 95% confidence interval 
(CI).

Inter-rater agreement of each pair of classifiers in terms 
of weighted kappa and standard error is given in Table 9.

Analysis using ROC curve
In order to visualize the performance of different classi-
fication method we have plotted AUC-ROC curve with 
doctor’s evaluation as the classification variable. This is 
shown in Fig. 7 and the values are given in Table 10. 

Result
On the ordinal scale Bland–Altman plot of physicians’ 
evaluation against the algorithmic evaluation was used 
to check how big the average discrepancy is between the 
two estimates. In all the three estimates mean and bias 
line coincide. A priori measurement of accuracy or the 
difference between the upper and lower limit of agree-
ment (LoA) for all the three assessments is less than one, 
indicating the closeness of agreement between the pro-
posed method and the experts’ evaluation. On the nomi-
nal scale kappa values lie between 0.889 and 0.948 for all 
the three stages of uterine contraction, indicating that the 
agreement between the proposed method and the visual 
estimation is not by chance. Standard error of kappa is 

Ei =

m
∑

j=1

cij .

E =

k
∑

i=1

(Ei − Ē)2.

Table 6  Result of Fleiss’ Kappa calculation

Total Stage1 Stage2 Stage3

Kappa(k) 0.918 0.919 0.889 0.948

Std. error (SE) 0.016 0.028 0.027 0.027

CI lower limit 0.879 0.865 0.835 0.894

CI upper limit 0.956 0.973 0.943 1.002
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0.0275 and overall standard error is 0.019. This indicates 
that null hypothesis of no agreement is not true.

Kendell’s coefficient of concordance W = 0.84 indicates 
good agreement among the evaluators and the algorithm. 
Also the p-value of 9.2E−58 < 0.05 = α is consistent with 
the rejection of null hypothesis that there is no agree-
ment between the evaluators.

When compared with SVM, Naïve Bayes and Random 
Forest the Bland–Altman has Limits of Agreement (LoA) 
of 0.094 to 0.0155, weighted kappa for expert-proposed 
method agreement of 0.909 and AUC-ROC value of 
0.938 for the proposed method.

Discussion
Classification of the stage of labor is an integral part of 
auto-diagnosis of CTG traces. The authors have utilized 
the CTU-UHB database of Czech Technical University, 
Department of Cybernetics. The use of fuzzification and 
final classification by ANN method is very novel in the 
field of medical diagnosis, which gives an edge over crisp 
solution in similar data-environment. While evaluating 
the performance, strength and reliability of the proposed 
algorithm, the authors have utilized appropriate relevant 
statistical metrics like concordance analysis, Bland–
Altman plot, Fleiss-Kappa and Kendell’s coefficient of 
concordance.

The concordance analysis shows that a significant 
reduction in the disagreement parameter is achieved 
by the proposed method (8.68% vs. 4.09%), which can 
be interpreted as the robustness and positive predictive 
ability of the algorithm. On ordinal scale using Bland–
Altman plot, the algorithm’s performance is very 
encouraging (SE of difference: 0.0129, 0.0157, 0.0136 at 
95% CI) when three independent evaluations were com-
pared with the proposed algorithm. This assessment of 
agreement among the doctors and the algorithm proves 

Fig. 5  Bland–Altman plot of a majority of doctors evaluation against proposed algorithm, b NB against algorithm, c RF against proposed algorithm, 
and d SVM against proposed algorithm

Table 7  Mean, standard deviation and  95% CI for  Bland–
Altman plot

Mean SD 95% of CI

Doc 0.0392 0.2787 − 0.0155 to 0.094

Naïve Bayes 0.0392 1.1682 − 0.1902 to 0.2687

SVM 0.0784 1.1405 − 0.1456 to 0.3024

Random Forest 0.0784 1.1405 − 0.1456 to 0.3024
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the great potential in terms of strength and reliability. 
Another method of assessment of agreement for vari-
ous stages of labor employed here is Fleiss Kappa, the 
result of which is similar to the earlier observation. 
It gives the algorithm an edge over traditional visual 
method (Kappa +SE: 0.918 + 0.016 at 95% CI).

Two comparisons are shown graphically for the pair-
wise comparison of classifiers using Bland–Altman plots 

in Figs. 5, 6, and 7. One graph uses the proposed algo as 
the reference and the other uses doctor’s evaluation as 
the reference. Except for the Algo against Doc plot all the 
others have large interval between upper and lower limits 
of 95% CI. These cross the maximum allowed difference 
suggested by the clinicians involved in the study. Also the 
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Fig. 6  Bland–Altman plot of majority of doctors evaluation against: a proposed algorithm, b Naïve Bayes, c Random Forest, d support vector 
machine

Table 8  Mean, standard deviation and  95% CI for  Bland–
Altman plot

Mean SD 95% of CI

Algorithm − 0.0392 0.2787 0.094–0.0155

Naïve Bayes 0 1.1432 − 0.2245 to 0.2245

SVM 0.0392 1.1251 − 0.1818 to 0.2602

Random Forest 0.0392 1.1162 − 0.1800 to 0.2585

Table 9  Pairwise comparison of  different classification 
methods using weighted kappa

Weighted κ Standard error

Algorithm vs. Doc 0.9094 0.031

Algorithm vs. NB − 0.0252 0.0778

Algorithm vs. RF − 0.0658 0.0744

Algorithm vs. SVM − 0.0353 0.0749

Doc vs. NB − 0.0044 0.0785

Doc vs. RF − 0.0542 0.075

Doc vs. SVM − 0.0214 0.076
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measurement of inter-rater agreement using weighted 
kappa gives a better value (0.909) for the proposed algo 
vs. doctor’s evaluation.

AUC value approximately equal to one signifies good 
measure of separability for the classifier. When the doc-
tor’s evaluation is taken as standard the proposed method 
exhibits the best efficiency in classifying the stages of 
labor while Naïve Bayes and Random Forest show poor 
performance in classification. Performance of SVM is 
poorest with AUC value near 0.5 indicating its incapabil-
ity to distinguish between classes.

Since the proposed algorithm partly relies on the com-
parable values and performance by the clinicians, it has 
the inherent chance of fallacy. Absence of a fixed stand-
ard pattern of CTG trace is another important reason 
when the algorithm fails to learn numerous patterns of 
tracings leading to wrong interpretation. The authors 
cannot exclude the confounding factors in the datasets, 
which may arise from an erratic or a novel pattern of 

UCP trace. Although utmost care is taken to make the 
algorithm fool proof, data variation and errors, which 
might crop up in the process of fuzzification may lead 
to erratic results. Being a novel system using fuzzy algo-
rithm on human data, further testing on a larger dataset 
is the need of the hour.

Conclusion
Authors in this paper proposed a fuzzy logic based 
method to estimate the stage of labor. Three obstetri-
cians also evaluated them and the results were compared 
obtained by the proposed algorithm by various statistical 
means like Bland–Altman plot, Fleiss Kappa and Kend-
all’s coefficient of concordance. Considering the inter-
observer variation which in this case was about 8.68%, 
was higher compared to the calculated variation which 
was 4.95%, and also the Kendell’s coefficient of concord-
ance W = 0.845 showing the unanimity among the dif-
ferent physicians and proving relatively greater strength 
of the algorithm in detecting labor stage. Concordance 
analysis by Bland–Altman plot comparing individual 
evaluator and the proposed algorithm shows encourag-
ing results, which reflects the reliability of this system. 
Total Fleiss Kappa when calculated was 0.918 + 0.0164 at 
95% confidence interval proves that the greater degree of 
agreement has not occurred simply by chance. In spite of 
the small cohort of evaluable CTG traces, this proposed 
algorithm shows promise in detecting the stage of labor, 
which is a fundamental part of CTG evaluation. Although 
this algorithm does not surpass the final overall accuracy 
to detect the stage of labor, it can be used interchange-
ably or independently in detecting the stage of labor. This 
method can be used as a decision support tool both in 
the presence and absence of clinicians.

Comparison of the proposed method with some stand-
ard machine learning algorithms like Naïve Bayes, SVM 
and Random Forest using various statistical means have 
shown that the proposed method has the best agree-
ment with the experts’ evaluation. The weighted kappa 
for the proposed method was 0.909 and area under the 
ROC curve was 0.908. Also the limits of agreement in the 
Bland–Altman’s plot was the best (0.094 to 0.0155 at 95% 
CI) when the expert’s classification was plotted against 
the proposed method.

We have tested the algorithm with noisy data and still 
obtained encouraging result. The authors plan to elabo-
rate on this in subsequent studies. Later, we also plan to 
extract other parameters of uterine activity and check if 
they can be correlated with the health of the fetus. For 
this purpose we are going to build a database of our own 
by collecting live data from the patients. We also plan to 
involve clinicians with different levels of experience to 
evaluate the CTG.
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Fig. 7  AUC-ROC curve with doctor’s evaluation as classification 
variable

Table 10  ROC curve results

Area under the ROC 
curve

Standard Error 95% CI

Algo 0.938 0.0265 0.850–0.982

Doc 1.000 0 0.946–1.000

NB 0.672 0.0639 0.547–0.782

RF 0.690 0.0610 0.565–0.797

SVM 0.592 0.0657 0.465–0.710
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