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Assessment of features for automatic CTG analysis based on expert
annotation
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Abstract— Cardiotocography (CTG) is the monitoring of fetal
heart rate (FHR) and uterine contractions (TOCO) since 1960’s
used routinely by obstetricians to detect fetal hypoxia. The
evaluation of the FHR in clinical settings is based on an
evaluation of macroscopic morphological features and so far
has managed to avoid adopting any achievements from the
HRYV research field.

In this work, most of the ever-used features utilized for FHR
characterization, including FIGO, HRYV, nonlinear, wavelet, and
time and frequency domain features, are investigated and the
features are assessed based on their statistical significance in
the task of distinguishing the FHR into three FIGO classes.

Annotation derived from the panel of experts instead of the
commonly utilized pH values was used for evaluation of the
features on a large data set (552 records).

We conclude the paper by presenting the best uncorrelated
features and their individual rank of importance according to
the meta-analysis of three different ranking methods. Number
of acceleration and deceleration, interval index, as well as
Lempel-Ziv complexity and Higuchi’s fractal dimension are
among the top five features.

I. INTRODUCTION

Fetal heart activity is the prominent source of information
about fetal well being during delivery. Cardiotocography
(CTG) - recording of fetal heart rate (FHR) and uterine
contractions enables obstetricians to detect possible ongoing
fetal hypoxia which may occur even in a previously uncom-
plicated pregnancy.

Cardiotocography was introduced in late 1960s and is still
the most prevalent method of intrapartum hypoxia detection.
It did not however bring the expected improvements in
the delivery outcomes in comparison to previously used
intermittent auscultation [1] and, moreover, continuous CTG
is the main suspect for increased rate of cesarean sections
for objective reasons [25].

To improve the results of cardiotocography, the Inter-
national Federation of Gynecology and Obstetrics (FIGO)
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introduced general guidelines [8]. They are based on an
evaluation of macroscopic morphological FHR features and
their relation to the tocographic measurement. Even though
the guidelines have been available for more than twenty years
poor interpretation of CTG still persists [25] with large inter-
observer as well as intra-observer assessment variations [4],

[2].

Attempts to use computer evaluation of the CTG are as
old as the guidelines themselves. FIGO features became
fundamental in most of the clinically oriented systems and
automatically extracted morphological features have been
integrated also into automatic systems for CTG analysis [6]
mostly for antepartum CTG evaluation. In many papers only
the FHR signal is used since FHR is the signal containing
direct information about the fetal state. Our paper follows
this assumption, also because of the inferior quality of the
available electronically stored TOCO recordings. Extension
of this work proposed towards the full CTG (with TOCO
included) should be straightforward in the future. Different
FHR features were investigated in the past, many of them
heavily influenced by the research in adult heart rate vari-
ability (HRV) analysis. Morphological features were used
by the founders of the automatic CTG evaluation Bernardes
et al. [2], [6]. Statistical description of CTG tracings was
employed in the study of Gongalves [10]. Another approach
to FHR analysis examined frequency content by spectral
analysis and the paper of Laar [15] gives a short overview
of most of the works where FHR spectrum was analyzed.
The FHR was also analyzed by wavelets with different
properties [20]. A comprehensive evaluation of nonlinear
methods was performed in [24]. Approximate and sample
entropy — the most successful nonlinear methods used for
examination of nonlinear systems — were used in works
of [9], [10]. Another method that performs well on the FHR
recordings is Lempel-Ziv complexity employed in [7].

In recent papers the features are used usually evaluated
against umbilical artery pH measurement as an annotation.
Although pH of the umbilical artery blood is certainly the
objective value, there are many studies showing the relation
between the CTG/FHR signal recorded during delivery and
outcome of delivery to be rather weak [12], [26]. Therefore,
we have used the experts as the source of signal annotations.
Our recent paper presents the expert annotation and feature
analysis in more detail [5].

6051



II. DATA

Data for this work was obtained at the Dept. of Obstetrics
and Gynaecology, General Teaching Hospital in Prague from
2007 to 2009; all women signed informed consent. The FHR
signals were measured on Neoventa’s STAN S21 system
using external ultrasound probes.

All recordings were checked for patient anamnesis and
only one fold pregnancies delivered during 38" — 4274 week
of pregnancy were chosen for the database, which finally
consisted of 552 deliveries. We have included the mature
fetuses only, since the fetal heart rate and reaction of the
fetal heart rate to the uterine pressure differs in the immature
fetuses.

In this paper, expert annotation of the FHR recordings was
used as a basis for feature evaluation. Expert annotation has
also its drawbacks — it is much more subjective, and suffers
from inter- and intra-observer variations, but it gives better
insight into the real clinical decision making than the post-
delivery numerical assessment.

Annotations, acquired by our annotation software, coming
from three experts were used for the preparation of the "Gold
standard” (GS) annotation. The GS was constructed based
on simple majority voting. Records where experts totally
disagreed were removed from the final data set — 9 recordings
were excluded and therefore the final dataset consisted of 543
recordings. Three measures were used for evaluation: intra-
observer agreement as a percentage of consistently annotated
records to all annotations, inter-observer agreement as a
percentage of equally annotated records among the three
experts to all annotations, and the kappa statistics describing
agreement among the experts.

III. SIGNAL PREPROCESSING

The preprocessing consisted of four main steps as de-
scribed further: segment selection, artefacts removal, inter-
polation, and signal detrend.

Segments were selected from the complete recordings,
some of them up to 12 hours long, as close as possible to
the actual delivery. Signal quality was evaluated in relation
to the segment position and the segment with the best score
was selected. When available information allowed, we tried
to set the end of the segment onto the beginning of the
second stage of labour, where the quality of signal sharply
decreases. Segments were a maximum of 24 minutes long
maximally 24 minutes long and due to further preprocessing
(gap interpolation and noisy segments removal) we truncated
them to equal, 20 minute, long segments — 4800 samples
when using 4 Hz sampling frequency. An example of the
selected segment is shown in Figure 1.

The FHR signal almost always contains artefacts caused
by mother and fetal movements as well as artefacts caused by
transducer displacements. In general, the amount of unusable
data due to artefacts or missing values ranges between 20%
and 40%.

The algorithm proposed by Bernardes et al. [3] was
utilized for artefacts removal — all abrupt changes in FHR
were removed and replaced.
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Fig. 1. Artefacts removal. (a) Raw signal, (b) signal after artefacts removal.

We used cubic Hermite spline interpolation [13] to interpo-
late over short gaps. We did not compute across a gap when
the length of the missing data was 20 seconds or more — the
value obtained based on our experiments.

Physiological time series are generally considered as non-
stationary, i.e. statistical properties of physiological signal
(mean, variance, and correlation structure) vary during time.
For purposes of the frequency and non-linear features com-
putation we have detrended the signal using third order poly-
nomial, estimated, so that uninteresting trend was removed
but interesting dynamics are preserved.

IV. EXTRACTED FEATURES

Features used for purposes of this paper were almost
complete collection of all features used for evaluation of
intrapartal/antepartal FHR in recently published papers.

Morphological features proposed in the FIGO guidelines
are the features used in the obstetricians wards. A well known
algorithm for feature extraction described in [3] was used for
the macroscopic feature extraction. The features extracted
were: Mean of the FHR baseline; standard deviation of
the FHR baseline; Number of accelerations; Number of
decelerations.

The time-domain features were computed according to [9]:
Long term irregularity (LTI); Short term variability
(STV); Interval index (II); Delta value of the FHR signal
and Total delta value.

To analyze the the spectrum of the FHR partitioning into
4 bands was used following suggestion of [23].

For wavelet features we have decomposed the signal into
five levels of decomposition using the Malat algorithm with
Daubechies order 4 (db4) mother wavelet. Based on the
decomposition of the signal we computed the mean (e.g.
D2mean) and standard deviation in all details and the last —
5" approximation.

Correlation dimension D, is based on estimation of
correlation sum C(r) which gives the probability that two
randomly chosen points are close to each other with distance
smaller than r. There are several waveform fractal dimen-
sions estimated by the different methods: box-counting
dimension, the Higuchi dimension (FD_Hig) [11], the
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TABLE I
STATISTICAL SIGNIFICANCE OF THE FEATURES WHEN TESTED AGAINST DIFFERENT TYPES OF ANNOTATION. ONLY FEATURES THAT WERE FOUND

SIGNIFICANT (P < 0.01) ARE PRESENTED IN THE TABLE. ANNOTATIONS USED WERE: INDIVIDUAL EXPERTS; GOLD STANDARD (GS). THE LAST TWO

COLUMNS REPRESENTS RANK OF THE FEATURES WHEN USED FOR CLASSIFICATION (CLASS.) AND WHEN ASSESSED INDIVIDUALLY (INDIV.).

Domain Features Statistical significance of features
Exp#1 Exp#2 Exp#3 GS Rank (indiv.) Rank (class.)
baselineSD - v - - 10 9
Time # Accel. v v v v 1 1
# Decel. - - v v 4 2-3
I - v - v 8 5
Frequency  VLF - - - 6 7-8
Wavelet D2mean - v v v 11 6
ApEn - v - v 9 11
LZc - - e e 3 2-3
FD_BoxDl v v v v 7 10
Nonlinear FD_HigD v v - v 5 4
FD_Var v v v v 12 12
Poincaré SD2 v v v v 2 7-8

dimension of variance (FD_Var) [14], and estimate of
fractal dimension proposed by Sevcik [22].

Entropy describes the behaviour of a system in terms
of randomness, and quantifies information about underly-
ing dynamics. The Approximate Entropy (ApEn) [17] is
approximately equals the average of a natural logarithm of
conditional probabilities that sequences of length m are close
to each other, within a tolerance r, even if a new point is
added. A slightly modified estimation of approximate entropy
was proposed by [19] and resulted in Sample Entropy
(SampEn). Used parameters for ApEn and SampEn estima-
tion were: tolerance r = (0.15;0.2) - SD and the embedding
dimension m = 2 [18].

The last of the two nonlinear features used were the
Lempel Ziv Complexity (LZC) [16] and lengths of axes
in Poincaré plot (Poincaré SD1, SD2).

V. EVALUATION METHODS

The statistical significance of the features for distinguish-
ing between the three classes was tested using ANOVA test,
for normally distributed features, and Kruskal-Wallis test for
the rest of features with non-normal distribution.

We evaluated the statistical significance of the features
against individual expert annotations as well as GS anno-
tation, which was based on all three expert annotations.
Additionally we have used three different feature selection
techniques that enabled us to rank the features based on their
performance in the potential classification process using 10-
fold cross-validation. Based on our previous experience we
have used the following techniques — each one based on a
slightly different principle — these are described in larger
detail in [27]:

e Information Gain Evaluation (InfoGain) evaluates
attributes by measuring their information gain with
respect to the class.

e One Rule Evaluation uses the simple minimum-error
measure adopted by the One Rule classifier.

e SVM Feature Evaluation evaluates attributes using
recursive feature elimination with a linear support vector

machine. Attributes are selected one by one based on
the size of their coefficients.

VI. RESULTS

Considering Gold standard annotation as the main one
for our work 149 cases were annotated as Normal, 115 as
Pathological, and 275 as Suspect. The high prevalence of
the pathological class was because of our effort to collect
as much cases with low neonatal pH values (88 records did
have pH lower then 7.15). The suspect class resulted from the
above mentioned fact that the clinicians were left without any
additional clinical information, which is otherwise routinely
used in their decision making process — thus any uncertainty
usually resulted in the suspect class.

The features were selected first based on their mutual
correlation. When the features’ correlation coefficient was
higher then 0.9 only one feature was used for further compu-
tation. The omitted feature was the one with average higher
correlation among the rest of the features. Overall results
are presented in the Table I. The statistical significance
(p < 0.01) is depicted by checkmark. For instance, the
number of accelerations (# Accel.) is significant to all experts
including (GS). However, the number of decelerations (#
Decel.) is only significant to Exp #3 and GS. In the two
last columns we present the results of three different ranking
algorithms to rank the significant features from the point of
view of individual features and their combinations.

The number of features that are significant when using
Gold Standard is, as expected, highly consistent with the
conjunction of the individual expert evaluations. The last but
one column of Table I shows the individual performance of
the features and the last column depicts average feature rank-
ing. From the point of view of automatic serial assessment
of features, the classical ones (number of acceleration and
deceleration) were very distinctive and ended in the top half.
The fact that many of the non-linear features are ranked to
the bottom half can be justified by their correlation, where
the additional features after using LZC and FD_HigD do not
contribute significantly to improvement of the final score.
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TABLE II
FINAL RESULTS OF EXPERT EVALUATION COMPUTED RELATIVELY TO
”GOLD STANDARD”

All in [%] Expert #1 Expert #2 Expert #3
Sensitivity 71.80 72.45 85.90
Specificity 92.72 92.72 67.55
Intra-observer agreement  70.83 56.20 76.67
Inter-observer agreement 80.61

Kappa statistics 0.36

Results of expert annotation depicting the sensitivity and
specificity of each individual and collectively built-up Gold
standard, computed using majority voting of three experts,
are presented in Table II. The measures were computed
for the normal and pathological classes with the suspect
class always classified as correct. The table also presents
the resulting intra- and inter-observer agreement. The kappa
statistics was used to compare expert agreement against an
agreement which might be expected by chance — value of
0.36 corresponds to fair expert agreement.

VII. CONCLUSION

For the first time we have evaluated the intrapartum
FHR against the expert annotation encouraged by works of
e.g. [21]. We have found features that seem to be useful
for mimicking the obstetricians behavior when dealing with
intrapartum FHR recordings. We have compared directly
all the different features on one database using the same
preprocessing steps. We can confidently say that the findings
reported in this paper are in general consistent with findings
of others — namely:

o There are other features with information value besides
the FIGO guidelines suggested macroscopic features.

o The combination of the macroscopic(FIGO) features
and non-linear features is especially worth using.

o The clinical evaluation of the signals suffers from fairly
high inconsistency.

o The task of evaluation of the FHR without other clinical
data can bring only partial improvements.

In the future we plan to work on lowering the variability
of the clinician’s decision by means of automatic evaluation
of the selected features and their presentation to the doctor
while using additional information about the actual status of
the delivery — necessary step to really get the clinicians on
board.
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