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Abstract—The most widely accepted method of
monitoring the fetal heart rate and uterine activity of the
mother is using Cardiotocograph (CTG). It
simultaneously captures these two signals and correlate
them to find the status of the fetus. This method is
preferred by obstetricians since it is non-invasive as well
as cost-effective. Though used widely, the specificity and
predictive precision has not been undisputable. The main
reason behind this is due to the contradiction in clinicians
opinions. The two main components of CTG are Baseline
and Variability which provide a thorough idea about the
state of the fetal-health when CTG signals are inspected
visually. These parameters are indicative of the oxygen
saturation level in the fetal blood. Automated detection
and analysis of these parameters is necessary for early
and accurate detection of hypoxia, thus avoiding further
compromise. Results of the proposed algorithm were
compared with the visual assessment performed by three
clinicians in this field using various statistical techniques
like Confidence Interval (Cl), paired sample t-test and
Bland-Altman plot. The agreement between the proposed
method and the clinicians’ evaluation is strong.

Index Terms—Cardiotocograph, Fetal Heart
Baseline, Baseline Variability, Paired sample t-test

Rate,

|. INTRODUCTION

During pregnancy it is necessary to assess the
condition of the fetus, in late gestational period and
during labor. Fetus at this stage may suffer from chronic

or acute intrauterine assault resulting in fetal compromise.

An alteration in the heart rate of the fetus during or
before labor suggests that the baby is hypoxic. Prolonged
asphyxia can lead to hypoxia — a condition that reduces
blood supply to the tissues. If hypoxic condition sustains
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for too long it may lead to permanent neurological
damages such as cerebral palsy and in worst cases it may
even lead to the death of the fetus during labor or shortly
thereafter. In order to avoid complications it is necessary
to detect hypoxia and make intervention at the earliest
possible stage [1]. From the temporal relationship
between fetal heart rate (FHR) and uterine contraction
pressure (UCP), provided by the concurrent recording of
these two signals, it is possible to analyze the condition
of the fetus. Visual assessment of CTG trace is
commonly practiced in the medical-world as it is
considered a faster method. However the precision this
method depends mainly on the knowledge and
experience of the clinicians involved. Also, there are
subtle components of CTG that are indicative of fetal
distress, but are not easily decipherable by mere visual
assessment. Discrepancies in interpretation and false
positive diagnosis has led to fatalities and eventual
lawsuits. It is thus necessary to design automated
decision support systems that are better equipped to
handle these issues [2].

The automated systems so far designed range from
simple crisp-logic based feature extraction and
classification system to elaborate systems based on soft-
computing based techniques that take into account the
inherent uncertainties present in the medical diagnosis.

A. Related Works on CTG

Several attempts were made in last few decades to
automate the analysis of CTG. These include classic
approaches like filtering of FHR signals to soft
computing based technique using Artificial Neural
Network [3].

First step towards the automation of CTG feature
extraction and analysis was taken by Dawes and Redman
in 1981. This later led to the development of System
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8000 which was commercialized as Sonicaid FetalCare
[4]. In 1995 Alonso-Betanzos developed NSTEXPERT
that is proficient enough for auto-diagnosing and
proposing treatments [5]. This was later improved to
produce CAFE in 2002 by Guijjaro-Berdinas and
Alonso-Betanzos [6]. CAFE is a neuro-fuzzy based
system for automating the tasks associated with the
analysis of CTG [6]. SisPorto, which uses expert system
to estimate the different features of CTG, was developed
at the University Of Porto, Portugal by Diego Ayres-de
Campos over a span of 14 years. The current version of
SisPorto that is being used commercially is Omniview
SisPorto 3.5 [7]. It uses a five tier classification instead
of normal three tier classifications used by the other
systems.

Magenes and Signorini developed 2CTG2 in 2003 [8].
K2 Medical System consists of a central unit and several
local units which are located by the side of patient’s bed.
It was developed in 2002 by Green and Keith of
University of Plymouth, UK. When an abnormality in
FHR is detected an alarm rings to alert the caregiver [9].
In 2009 they upgraded the system to INFANT which is
considered an intelligent system as it can provide logical
justification of the diagnosis. All these systems discussed
so far are based on FIGO guideline [10].

Based on NICHD guidelines PeriCALM was
developed in 2010 by LMS Medical System of Canada
and USA [11]. So far only Omniview SisPorto and
Sonicaid are used commercially, but the others failed to
make much impact.

The paper is organized as follows: Section two gives a
brief description of Cardiotocograph, section three
describes the methods used in estimating the Baseline
and Baseline Variability, in section four a brief
discussion of the results are given and the conclusion of
the work is given in section five.

1. CARDIOTOCOGRAPH

Cardiotocograph, the machine used to perform CTG
has been used as a tool for fetal monitoring since 1960.
Two ultrasound transducers are placed on the abdomen of
the mother. One picks up the FHR signal and the other is
used to measure the UC pressure of the mother. Changes
in FHR signals and their timings relative to uterine
contraction (UC) pressure provide an insight into the
status of the fetus [1]. CTG is a non-invasive and cost-
effective tool whose introduction into the clinical practice
considerably reduced child mortality and morbidity [12].

The features of FHR are: Baseline, Variability,
Acceleration and Deceleration, each of which needs to be
classified as Reassuring, Non-Reassuring and Abnormal
in order to properly interpret the CTG [13]. Among these
four, Baseline is the most vital feature since rest of the
features directly depend on it. The robustness of the
algorithm for the estimation and classification of
Baseline is essential for accurate interpretation in an
automated fetal monitoring system. [12].
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A. Guidelines for FHR Interpretation

CTG has been an essential tool of modern labor room
since 1960s. Since the interpretation and inference varies
with clinicians, it has not gained popularity. National
Institute of Child Health and Human Development
(NICHD) [14] has formulated the guidelines for
interpretation of CTG traces to obviate the dichotomy of
opinion. This gquideline is considered to be the
benchmark for all CTG trace related evaluation and
interpretation both visually and automatically [15].

One major restriction related to these guidelines is the
style of explanation of the features of fetal heart rate. The
interdependence of the other parameters of FHR and the
baseline have added to the complexity of the guidelines.
All these things together contributed to the restrictions of
effective CTG monitoring [16].

B. Baseline and Baseline Variability

According to the guideline provided by the NICHD
[15] FHR should be determined in a 10 minutes window
by approximating the mean FHR rounded to 5 bpm after
excluding the periodic and episodic changes. In a 10
minutes window identifiable baseline should be
minimum of 2 minutes, otherwise the baseline for that
segment is indeterminate.

Another key indicator in the evaluation of fetal well-
being is the FHR Variability (FHRV). Again it is
estimated in a 10-minutes window after eliminating the
acceleration and deceleration. Variability is defined as

irregular variations in the FHR baseline in both
frequency and amplitude. Visually it is measured as the
amplitude of the peak-to-trough in bpm. Loss of
variability indicates the emergence of hypoxia.

FHR variability provides objective conclusion of
antepartum and intrapartum CTG traces. Sympathetic and
parasympathetic influences of fetal brain mainly control
the variability of fetal heart. Variability is reduced during
fetal sleep, but returns after an interval of 20 — 40
minutes. Progressively reduced variability may not by
itself indicate fetal jeopardy, but when combined with
other abnormalities may indicate fetuses’ intolerance to
labor.

C. Challenges in CTG Interpretation

Accurate interpretation of CTG is a challenging task
due to several factors. Visual analysis is not sufficient to
decipher all the information carried by the FHR signal.
There are guidelines provided by NICHD for the
identification, classification and analysis of each feature.
However, these guidelines are not standardized. Thus, the
extraction of features of FHR using rules derived from
these guidelines coupled with visual interpretation gives
rise to inter- and intra-observer variations.

The second problem arises in interpreting the signal
pattern for border-line cases. Again, none of the standard
guidelines provide any solution to this problem. Such
cases are critical in the sense that incorrect identification

1.J. Information Engineering and Electronic Business, 2019, 1, 27-35



Establishment of Automated Technique of FHR Baseline and Variability Detection Using 29
CTG: Statistical Comparison with Expert’s Analysis

of the gray zone may prove fatal for the unborn child.
Diagnostic accuracy is found to be worst for these
areas.The third problem is related to the experience of the
clinicians. FHR signals have various patterns — each with
a different significance. It is difficult even for an
experienced clinician to memorize the combinations of
patterns and their implications.

To circumvent these problems, the clinically relevant
aspects of CTG needs to be analyzed using automated
methods.

In spite of the easy availability of algorithms for CTG
interpretation, none has shown promise in detecting FHR
baseline and variability in a precise manner. So the beast
method is yet to be formulated, which precisely detects
the parameters in case of regular, irregular and complex
traces [12].

I1l. METHODOLOGY
A. Estimation of Baseline

The database of Czech Technical University,
Department of Cybernatics [17] has been used in our
work. The proposed algorithm was tested using 55
samples from this database. First 30 minutes of each 90
minutes trace had been used. Four samples of FHR signal
are taken per second.

Real baseline was calculated iteratively based on the
estimation of initial virtual baseline Bvir within each 10
minutes window. Consequence of this on the signal is
ultimately annulled as the iterative calculation of
modified baseline B, tends towards the original
baseline Borg.

Bmod — Borg (1)

In this approach all the accelerations and decelerations
are first removed. Detectable baseline in each window
should have a minimum duration of two minutes, not
essentially contiguous. A 10 minutes window is said to
have an acceptable baseline value only if this condition is
satisfied [18]. Overlapping windows were used for
baseline estimation with overlap duration ranging from 1
minute — 10 minutes. The overlap value that gives the
best estimation of baseline was chosen.

Weighted average of By values give the value of
Bumoa. After Byod' is calculated for each 10 minutes

interval, B, Which is the baseline B for that
particular sample, is obtained. € is a very small value of
the order of 0.0001 [18]. The flowchart of the algorithm
is shown in Fig, 1. The baseline thus obtained is shown in
Fig. 2.
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For the calculation of standard deviation o, signal
values within each window were noted, followed by
calculation of difference between consecutive windows.
Same process is performed with windows containing
different slide-lengths. Furthermore, average o values of
all samples were used to calculate the final average o
value oy jfor a given slide-length.

avg_j = N ' (2)

i =1... N, are the N samples of FHR values under
consideration and j = 1... 10, the slide lengths of duration
ranging from 1min — 10 minutes. o; is the standard
deviation value for each sample. The minimum average
standard deviation is calculated as follows:

O-avg_min = min{o—avg_j} : (3)

The baseline value B of the slide-length with the
minimum average standard deviation is compared with
the visual assessment given by three obstetricians using
different statistical methods. This value is compared with
the value obtained for discreet window as suggested by
the NICHD [18].

B. Estimation of Baseline Variability

FHRV was calculated in each 10 minutes segment
separately. If the number of cycles in each window
exceeds one then that window has identifiable baseline
variability value.

FHRV is the standard deviation of the FHR values at
each point. FHRV; is the value of variability in each
segment where the number of cycles C>1. Variability
value in a 10-minute window is

FHRV => FHRVY, . (4)

The flowchart of the algorithm for
estimation is shown in Fig 3.

variability

C. Statistical Analysis of the Baseline Estimation

Three obstetricians separately evaluated the FHR
signals and provided a visual estimation of the baseline
values for all the 55 data. Comparison between the
proposed algorithm and the doctor’s estimation are done
using various statistical methods like mean, standard
deviation, error margin and Confidence Interval of 95%.
Comparison of clinicians’ assessment and the proposed
method are shown in Table 1.
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Fig.1. Algorithm for baseline estimation.
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Fig.2. Obtained baseline.
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Table 1. Estimated Values of Baseline and the Readings Given by the
Obstetricians

C | Docl | Doc2 | Doc3 | Avg Discreet | Window
window | with 3
result mins.

overlap

result
1 142 144 144 143.333 | 143.34 143.67
2 145 157 144 148.6 153.8 152.28
3 | 150 150 154 151.3 151.5 147.81
4 | 140 140 140 140 1304 136.73
5 | 135 136 138 136.3 132.9 133.59
6 | 160 162 160 160.6 160.2 158.91
7 145 145 148 146 148.4 145.8
8 | 168 160 157 161.67 162.2 160.58
9 132 135 135 134 136 134.54
10 | 129 128 130 129 130.31 129.67
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Table 2. Statistical Evaluation of Observed and Estimated Values of the

Baseline
Observed Estimated Estimated
(with (with 3
discreet 10 | minutes
minutes overlap)
window)
Mean 144.89 143.34 142.39
Std. dev. 10.63 11.83 10.99
Error 4.39 4.88 4.54
Margin
Std. Error 2.12 2.37 2.20
CI upper 149.28 148.22 146.93
bound
CI lower 140.51 138.46 137.86
bound

For the window-size 10 minutes with slide-length of 3
minutes the minimum average standard deviation is
calculated. Paired sample t-test and Bland-Altman Plot
were used to compare the above mentioned estimate with
the estimate for discreet window of size 10 minutes and
average of physicians observed values as shown in Table

C. Degree of Agreement Among the Observed and
Estimated Values of Variability

Table 3 depicts the average values of three clinicians’
observation and the estimate of FHRV derived from the
proposed algorithm. Accuracy of the algorithm cannot be
proved directly. Statistical methods were used to verify
whether the proposed algorithm is as good as the
estimates given by the clinicians.

Paired Sample t-test

Initially it is assumed that the two sets of readings, i.e.
the evaluated value and clinical observation value, have a
mean difference of zero. The level of significance is 5%
or o = 0.05; this is the probability threshold below which
the above conjecture is overruled. Since the same group
of data were used for both the evaluations repeated
measure design was used. Thus, two-tailed paired sample

t-test were performed to verify the initial assumption [17].
The estimations are:
Variance of the differences is given by

2 _ d
) N

d is the mean difference between the pairs of values.
The number of standard deviations from the observed
mean difference is from zero (t-value):

(10)

d
4
N

Bland-Altman Approach

(11)

Result of the test is shown in Table 4. Since the p-
value for all the three windows is above the level of
significance, the initial assumption cannot be rejected
right away. However, it cannot be accepted either. The
best way of assessing the agreement is to use the Bland-
Altman method [19].

95% CI were computed for the bias using these values
as

d +t*SE (12)

d

and 95% ClI of the lower limit of agreement is calculated
as

(d-1.960)(t*SEy,, 4, (13)

d+1.960
and CI of the upper limit of agreement is calculated as

(d+1.960)+(t+SE; (14)

d+1.960 )

These results are shown in Table 5.

Table 3. Variability Values Given by the Clinicians and the Estimated Values Obtained using the Proposed Method

Window 1 Window 2 Window 3

Experimen | Obsv avg Experiment Obsvavg | Experiment | Obsv avg

t
1 7.858 9 5.515 6 5.833 9
2 4.722 6.5 2.919 5.5 4.318 6
3 2.288 6.5 4.125 6.5 5.156 6.5
4 7.290 5.5 11.94 4.5 6.592 10
5 3.518 7 9.406 6 12.718 9
6 5.518 8.5 8.094 6 6.655 8.5
7 3.554 4.5 8.813 6 9.064 11
8 8.153 7.5 8.5 8 7.948 8
9 6.22 6 7.2 6.5 7.445 7
10 4.954 4.5 4.83 5 5.239 4.5
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Table 4. Result of the Paired Sample t-test
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Mean Std. SEM 95% ClI t/two- p-value
Dev tailed
Lower Upper
Winl- | 0.890 2.783 0.492 -1.044 1.902 1.827 0.077
Obst.
Win2- | 1.116 3.795 0.671 -0.253 2.484 1.663 0.106
Obst.
Win3- | 0.805 2.362 0.424 -0.062 1.671 1.897 0.068
Obst.
Table 5.The precision of the prediction limits
Window 1 Window 2 Window 3
CI for bias -0.104 to 1.402 -2.484 t0 2.522 -0.062 to 1.671
CI for lower -6.189 to -2.283 -10.918 to -6.191 -5.321 to —2.328
limit
CI for upper 4.621 to 8.087 3.960 to 8.686 3.937 t0 6.930
limit
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Fig.4. Bland-Altman Plot Showing 95% LoA

IV. RESULT AND DISCUSSION
A. Results of Baseline Estimation

Table 1 shows the result of baseline estimation by the
clinicians and the estimation obtained using the proposed
algorithm. The proposed algorithm of continuous
overlapping windows apparently is a better method to
estimate baseline as compared to NICHD protocol which

Copyright © 2019 MECS

uses 10 minutes discreet window for baseline estimation.
The clinicians believe that earliest manifestation of
abnormal baseline of fetal heart can be diagnosed more
efficiently by this method.

Observer’s estimate and the estimate using three-
minutes overlapping as well as discreet window are
analyzed using various statistical means and the result is
given in Table 2. The result of this analysis is slightly
better for the three-minutes overlapping window.
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B. Results of Variability Estimation

Estimation of variability of fetal heart rate is given in
Table 3 for all the three windows along with the average
of the estimates provided by three clinicians. Fig. 4
shows that both mean and bias line are close. Clinically
acceptable bias, was defined a priori by the physicians at
5.0 and the plot shows the bias values lie within this
limit in all the three windows.

The Null hypothesis in this case study does not
conclusively accept estimation of variability (p-value >

0.05). Thus to check if Null hypothesis could be accepted.

Bland-Altman plot was use to compare and interpret the
two sets of results.

A priori precision measurements, were defined as +12.
In Fig. 4 the plot shows that in windows 1 and 3 the LoA
fall within the defined limit. Very scanty outliers stress
the fact that the precision and predictive accuracy of the
algorithm is satisfactory.

V. CONCLUSION

Automated, intrapartum fetal monitoring and prompt
intervention could prevent perinatal mortality and
morbidity of one-third of the current worldwide estimate
of 6.3 million perinatal deaths [21]. The proposed
algorithm aims to circumvent the fatalities the fetus
experiences during the labor which sometimes go
undetected until very late. The use of continuous window
instead of discreet window for the estimation of baseline
value is promising as clinicians agree that continuous
window can detect changes in baseline at the earliest.

The proposed algorithm for baseline variability
estimation can be used in place of the visual estimation
performed by the obstetricians to measure the baseline
variability since both the bias and the precision
measurement do not exceed the a priori limit.

Self-diagnosis of the FHR trace is an integral part of
an automated system wherein the proposed method of
estimation can play a pivotal role. FHR trace of unborn
fetuses experiencing any assault can be analyzed once the
proposed algorithm is incorporated into the system; thus
facilitating early interpretation. As a result, at the initial
stage, it may largely eliminate the need of an expert,
which is sometimes scarce in developing countries.
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