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databases as well as the emergence of machine learning and deep learning methods in

signals analysis. The state-of-the-art systems perform well to detect fetal hypoxia
when evaluated on retrospective cohorts, but several challenges remain to be tackled
before they can be used in clinical practice. First, the development and sharing of
large, open and anonymized multicentric databases of perinatal and cardiotocography
data during labor is required to build more accurate systems. Also, the systems must
produce interpretable indicators along with the prediction of the risk of fetal hypoxia
in order to be appropriated and trusted by practitioners. Finally, common standards
should be built and agreed on to evaluate and compare those systems on retrospec-

tive cohorts and to validate their use in clinical practice.
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1 | INTRODUCTION

Cardiotocography (CTG) is defined as the recording of fetal heart
rate (FHR) and uterine contractions (UC) during pregnancy using
an electronic fetal monitor. It is widely used as a screening tool in
obstetric practice to determine fetal wellbeing. It is used by practi-
tioners (obstetricians and midwives) during delivery to detect fetal
hypoxia, allowing timely intervention before there is permanent
damage to the fetus.

CTG monitoring during labor was introduced around 1960, and
since then the interpretation of the CTG signals (FHR and UC) has
mainly been visually performed by practitioners following com-
mon guidelines. The first guidelines were published in 1974 by the
American College of Obstetricians and Gynecologists (ACOG),* and
the International Federation of Gynecology and Obstetrics' (FIGO)
guidelines are now used on a widespread basis.>CTG signal interpre-
tation is known to be subject to a significant inter- and intraobserver
variability.>~> More than fifty years later, the benefits of continuous
CTG monitoring are still debated and poorly confirmed according to
several evaluations comparing it to simpler methods such as inter-
mittent auscultation.®

From the 1980s, researchers and practitioners designed
computer-aided systems able to automatically process the CTG sig-
nals to detect fetal hypoxia during labor. The systems used in clinical
practice today are mainly based on features defined in FIGO's guide-
lines.”® More recently, the publication by the University Hospital in
Brno (Czech Republic) of an open-access CTG dataset with 552 clini-
cal cases’ in 2014, as well as other academic hospitals building larger
cohorts,ledtoa surge of research papers about computerized CTG
analysis. Also, the recent emergence of machine learning (ML) and
deep learning (DL), and their successful application to similar topics
such as computerized analysis of electrocardiograms®! or electroen-
cephalograms,12 gave researchers new efficient statistical tools to
assist in CTG analysis. The latest systems published, based on ML
and DL rather than on the FIGO's guidelines, show promising results
when evaluated on retrospective cohorts,*>** but many challenges
remain to be solved before they can be used in clinical practice.'®

Here, we present a state-of-the-art review of computerized CTG
analysis, with a particular focus on the systems based on the lat-
est ML and DL approaches and released in the very last years. We
conclude with our thoughts on the challenges ahead to use those
systems in clinical practice.

To select the publications included in this review, we performed
a literature search in PubMed, the Cochrane Library, Embase and
Google Scholar with the following keywords and MeSH terms: fetal
heart rate monitoring, fetal hypoxia, computerized cardiotocogra-
phy, cardiotocography machine learning, cardiotocography deep
learning, cardiotocography randomized controlled trial and car-
diotocography interobserver agreement. We selected the papers
studying fetal hypoxia and fetal morbidity outcomes. Conference
abstracts and editorials were excluded. The list of references in the
articles identified were also screened. A full-text analysis of the pa-
pers was performed, with a particular focus on the quality of the

Key message

The use of advanced computerized systems based on
the latest machine learning techniques, trained on large
databases of cardiotocography data, clinical factors and
fetal outcomes, has the potential to successfully assist
practitioners in the labor ward and to improve neonatal

outcomes.

database (if applicable) and the perceived robustness of the comput-
erized system (Figure 1).

2 | CTG ANALYSIS BASED ON VISUAL
INTERPRETATION

Currently, CTG interpretation during labor is mainly performed visually
by practitioners. The first FIGO's guidelines for visual CTG interpre-
tation were introduced in the 1980s, and their latest version, pub-
lished in 2015, has been summarized by the FIGO Intrapartum Fetal
Monitoring Expert Consensus Panel.? Those guidelines are based on
the following standard features computed on the CTG signals:

e FHR baseline, which is the mean level of the signal evaluated in
time periods of 10 min and when the signal is the most stable

e FHR variability, defined as the average amplitude of the signal in
one-minute segments

e FHR accelerations (respectively decelerations), which are periods
when the signal increases more than 15 bpm above (respectively
decreases more than 15 bpm below) the baseline during more
than 15s

e Contractions, defined as increases in the UC signal followed by a

symmetric decrease, with a duration between 45 and 120s

Then, the guidelines define a table enabling the classification of
every CTG tracing into three classes (normal, suspicious or patho-
logical) from the value of those standard features. For example, too
high or too low FHR baseline values (corresponding respectively to
tachycardia and bradycardia), an excessive frequency of contrac-
tions (tachysystole), large decelerations lasting more than 3 min or a
sinusoidal pattern in FHR are associated with a suspicious or patho-
logical outcome.

The main strength of those guidelines is that they are simple
enough to provide practitioners with common rules to interpret the
CTGsignalsin clinical practice during labor. However, we identify two
main limitations. First, they miss several features which are known to
be linked with fetal hypoxia. For example, maternal and fetal clinical
factors such as the gestational age, the fetal estimated weight or
the mother's medical history are used by experienced practitioners
when interpreting CTG signals, but they are not integrated in the
guidelines. Second, several studies where practitioners evaluate
the same CTG signals have shown that visual CTG interpretation is
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FIGURE 1 Flow chart of the state-of-the-art review of computerized cardiotocography (CTG) analysis.

subject to a significant variability between practitioners, even when
they are experienced.3’5

Large-scale evaluations of the effectiveness of the current CTG
monitoring practice, mainly based on visual interpretation, to detect
and prevent fetal hypoxia, have not yet clearly demonstrated that it
performs better than other more simple approaches like intermittent
auscultation.® Those evaluations emphasize the weaknesses of visual
interpretation of CTG signals and underline the need for future re-
search on evaluating if computerized interpretation of CTG based on
newer algorithms leads to better neonatal and maternal outcomes.

Finally, it is important to note that the guidelines are constantly

1.3 introduced a new

being challenged. In 2018, Chandraharan et a
CTG interpretation methodology that solely relies on physiology-
based interpretation for the assessment of fetal wellbeing, as op-
posed to the FIGO's guidelines. Also, Ayres-de-Campos et al.Y insist
on the need for the guidelines to be simple enough to be used by

practitioners, and more objective than they are now.

3 | COMPUTERIZED CTG ANALYSIS
DURING LABOR

Although FIGO's guidelines are constantly being challenged, the
methods used in clinical practice to interpret CTG have not dras-
tically changed since CTG monitoring was introduced as a screen-
ing tool in the 1960s. However, researchers and practitioners
worked on designing reliable computerized systems to assist in CTG

interpretation since the 1980s, and those efforts have been more
important in the last 10years with the availability of larger clinical
databases and the emergence of ML and DL. Table 1 gives a sum-
mary of the main computerized systems for CTG analysis which are

presented in this review.

3.1 | Systems based on FIGO's guidelines

The first computerized system introduced in the 1980s by Dawes
and Redman was built to alert practitioners during pregnancy on the
risk of pathological outcome. The system is mostly based on features
similar to the ones defined in FIGO's guidelines (baseline, accelera-
tions, decelerations and variability of the signal).'® Dawes et al. high-
lighted the advantages of such a computerized analysis.'? In 2022,
Jones et al. published a review of computerized CTG with a focus on
the Dawes-Redman system.20 Then, in the following decades, other
computerized systems based on similar methodologies have been
built®?"2 to be used during labor. The Omniview-SisPorto system
(Speculum S.A., Portugal) developed by Ayres-de-Campos et al. con-
sists of a quantitative adaptation of the FIGO's guidelines. The first
iteration of the system was published in 1998.2* An improved ver-
sion of SisPorto 2.0 was then published in 2000%? which reports an
impressive accuracy (sensitivity 100%, specificity 99%), although it
has been evaluated on a small cohort (n = 85). SisPorto3.5 was pub-
lished in 2008% and integrates real-time alerts to be used by practi-
tioners, and the latest version of SisPorto 4.0 incorporates FIGO's
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TABLE 1 Summary of computerized cardiotocography (CTG) analysis.

General description

Systems based on FIGO's guidelines
(1980s-2010s)

for practitioners.

Some of those systems have been evaluated on small

cohorts.

Data-driven systems - machine learning
methods applied to features extracted
from CTG signals
(2010s)

Data-driven systems - deep learning methods
processing raw CTG signals
(2020s-now)

database.

2015 guidelines.?* Georgieva et al. published the OxSys system in
2017,% largely based on one parameter, the decelerative ¢ apacity,
which provides an average measure of the downward movements in
the FHR signal on a 15min segment. It is compared with a thresh-
old to trigger real-time alerts for practitioners. On a retrospective
database with more than 20.000 recordings, the system is shown
to perform better than clinical assessment (as recorded electroni-
cally immediately after birth by the attending clinician) to identify
moderate and mild fetal distress defined by a pH lower than 7.05 and
7.15, respectively, with a higher sensitivity (36.1% vs 31.0%, p = 0.06
and 24.7% vs 22.5%, p<0.04) and a slightly lower false positive rate
(14.4% vs 16.3%, p<0.001).

Other computerized systems are used in clinical practice but the
methodologies they rely on have not been published and the avail-
able descriptions of their characteristics are usually limited, very
probably for commercial purpose. Nunes et al. published in 2015 a
summary of five systems which are currently integrated with moni-
toring devices.” Those systems all display real-time alerts triggered
when a fetal hypoxia suspicion is detected, based on the main fea-
tures described in the previous section (baseline, accelerations, de-
celerations and variability). They differ in the thresholds they use to
trigger the alerts. The main limitation raised by the authors is that
the capacity of those systems to predict adverse neonatal outcomes
has not been properly evaluated.

A major technical difficulty faced by researchers to build com-
puterized CTG analysis systems is to automatically estimate the
FHR baseline from the raw signal. Although this problem seems
relatively simple, a lot of FHR recordings show a high signal vari-
ability which makes hard to distinguish between a change in the
baseline and an acceleration or a deceleration. Also, the ability
for a computerized system to accurately estimate the FHR base-
line is key to reach a good accuracy, because the baseline is one
of the most important features associated to fetal hypoxia, but
also because it is a prerequisite to the identification of accelera-
tions and decelerations. Several research papers have focused on

In those systems, simple rules based on FIGO's features
(baseline, accelerations, decelerations, variability) are
defined to produce relevant indicators of fetal hypoxia

Those systems are based on various features extracted from
the CTG signals (including FIGO's features). The risk of
fetal hypoxia is predicted from those features using a
machine learning model whose parameters are optimized
on a CTG database.

In those systems, a deep learning model processes the raw
CTG signals, leveraging the latest advances in artificial
intelligence techniques. The model is trained on a CTG
database, and its accuracy improves with the size of the

Main systems published

Dawes-Redman (1980)%

Omniview-SisPorto (1998)?!

SisPorto 2.0 (2000), SisPorto 4.0
(2017)22,24

OxSys (2017)%

Gatellier et al.®?

Abry et al.?
Spilka et al.®3:34
Czabanski et al.”

Fergus et al.3®%

Ogasawara et al.*
Mohannad et al.*®
Petrozziello et al.***3

the problem of FHR baseline estimation.?>~3° Dawes et al. used a
method based on an analysis of the frequency distribution of the
signals.%”30 Mantel et al. has developed a similar method,?’ which
has been compared to the method described in Dawes et al. on
50 recordings: a panel of three experts judged that both methods
are equivalent in 36 recordings, and that Mantel et al. is substan-
tially better in the remaining 14 recordings. Lu et al. introduced a
somewhat different methodology based on a statistical method
named empirical mode decomposition.28 Ayres-de-Campos et al.
compared the baseline estimation performed by SisPorto and by
three experienced clinicians on 300 FHR recordings,25 conclud-
ing with an excellent agreement between SisPorto and the clini-
cians. Finally, Boudet et al. developed a methodology based on a
weighted median filter?” and benchmarked it against 11 published
methods. Interestingly, the authors also published a dataset of
FHR recordings with the baselines annotated by experts, and it
has been used to calibrate the baseline estimation method.

The methods described in this section are mostly based on the
computation of standard features defined in FIGO's guidelines,
which are compared to arbitrary thresholds triggering a suspicion of
fetal hypoxia. In the last years, the availability of large clinical data-

bases of CTG recordings”*°

with the corresponding fetal outcomes,
as well as the emergence of ML and DL, have led to the development
of data-driven systems, which are an important focus of the latest

research on CTG monitoring.

3.2 | ML-based data-driven systems
A first set of data-driven systems use ML methods to predict fetal
hypoxia from features computed on the CTG signals (including the
ones defined in FIGO's guidelines).

Gatelier et al. trained a multivariate model on the CTU-UHB
dataset and showed that it performs better than visual interpreta-
tion based on FIGO's guidelines (AUC = 0.569 for FIGO's guidelines
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and AUC = 0.719 for the multivariate model).%! Abry et al. used a
ML method to predict fetal hypoxia from a set of 20 features com-
puted from the CTG signals: standard features defined in FIGO's
guidelines, but also more advanced spectral and multifractal fea-
tures.®2 The method is trained and evaluated on the CTU-UHB open
dataset’ and on a dataset collected in Lyon (France), and is based
on sparse learning, which consists in selecting a few features while
discarding the ones which do not improve significantly the system.
The main conclusions are that the system mainly selects the stan-
dard FIGO features, confirming their good predictive power, and
that a low number of features is enough to build an accurate system.
Another conclusion is that the two stages of labor (dilation and ac-
tive pushing) produce very different FHR dynamics, hence different
models must be trained for each stage. Those different conclusions
are confirmed in other studies run by Spilka et al.3334

Ribeiro et al. presents a comprehensive review on the most ef-
fective statistical methods to build features from the FHR signal,®®
with a particular focus on non-linear features which can then be
used in a machine learning model. In another review, Castro et al.
focuses on the spectral analysis of FHR signals.3¢

Czabanski et al. proposed a two-step process to analyze FHR
signals: in the first step, FIGO's guidelines are applied to identify
and discard the cases where a normal outcome is predicted with the
highest certainty, and in the second step a ML algorithm is used to

refine the detection on the suspicious cases.*’

3.3 | DL-based data-driven systems

Other data-driven systems use DL and do not require the speci-
fication of features built from the CTG signals: they are fed with
the raw signals. Applying DL to CTG analysis has the potential to
considerably increase the accuracy of fetal hypoxia detection, but
also requires larger databases than the other methods introduced
previously.

All papers applying DL to CTG analysis use convolutional neu-
ral networks (CNNs), a particular form of DL particularly adapted
to time-series analysis. Fergus et al. obtain a good accuracy on the
CTU-UHB dataset by applying CNNs on fixed-size segments of the
CTG signals.38 In another paper, the same author compared ML and
DL methods and showed the superiority of DL methods on the CTU-
UHB dataset.>” Ogasawara et al. applied a CNN to a database with
162 normal cases and 162 abnormal cases, with a decent perfor-
mance (AUC = 0.73).4% In another study, Frasch et al. obtained a 94%
accuracy by training a CNN on a small database with 36 recordings
only.*! The particularity of this system is that it inputs the images of
recordings instead of the raw CTG signals.

Other particularly interesting studies applied DL to much larger
clinical databases, which make the evaluations more robust than
in the previous studies performed with less than 1.000 records.
Mohannad et al. successfully applied a CNN on a clinical database
with 38.073 records (AUC = 0.95).1% Interestingly, the outcome used
to train the algorithm is based on the Apgar score, and not on the

fetal blood pH like all other papers. Petrozziello et al. applied a CNN
on another large database with more than 35.000 births**? and
obtained a good accuracy (AUC = 0.81). They also estimate a state-
of-the-art accuracy on the open CTU-UHB database (AUC = 0.82),
showing that the system generalizes well on the CTG recordings
collected in another center. Finally, Zhao et al. applied a CNN on
time-frequency images built from the CTG signals and obtained a
surprisingly high accuracy on the CTU-UHB dataset (AUC = 0.98).4°

4 | EVALUATION OF COMPUTERIZED CTG
ANALYSIS SYSTEMS

Once they are built and evaluated on retrospective cohorts, a key
step is to validate the use of those systems in clinical practice. This
is generally performed through Randomized Controlled Trials (RCTs)
comparing the system being evaluated with the current practice.

The largest RCT to date has evaluated the INFANT system, a
decision-support software to assist practitioners in the interpreta-
tion of cardiotocographs, on more than 47.000 deliveries. It con-
cludes that the use of the system does not improve the incidence
of poor neonatal outcome, 0.7% in both groups (aRR 1.01, 95% ClI:
0.82-1.25).% In another RCT performed on about 8.000 deliver-
ies to evaluate a computerized CTG analysis system with real-time
alerts for practitioners, Nunes et al. conclude that the system did
not significantly reduce the incidence of metabolic acidosis (0.40%
vs 0.58%, RR 0.69, 95% Cl: 0.36-1.31) or obstetric intervention.*® A
RCT including 720 deliveries reaches an opposite conclusion, show-
ing that reduced risks were observed for all outcomes of interest (hy-
poxia, cesarean delivery, admission to neonatal intensive care unit)
in women monitored using computerized CTG analysis, though the
authors note that the small sample size and long recruitment period
may overstate the benefits.*”

Two recent meta-analysis including those three RCTs, repre-
senting more than 55.000 patients, have concluded that the use
of a computerized CTG system did not impact any of the outcomes
evaluated (neonatal acidosis, APGAR scores, mode of delivery and
intensive care unit admission) compared to visual interpretation.47'48

Finally, several RCTs have been performed to evaluate the STAN
system (Neoventa Medical, Sweden), an invasive adjunctive technol-
ogy which computes the ST analysis based on the fetus's electro-
cardiogram. Its efficacy to reduce neonatal hypoxia is questionable.
According to Norén et al., its use has been associated with a drastic
decrease in the cord metabolic acidosis rate in a prospective study
run on more than 22.000 pregnancies (0.72% to 0.06%).*° A meta-
analysis by Blix et al. concluded that the use of STAN was associated
with a lower rate of metabolic acidosis, but was not associated with a
reduction in operative deliveries due to fetal distress.>® A Cochrane
review including more than 27.000 women concluded that the use
of STAN made no obvious difference to cesarean section and severe
metabolic acidosis.>

As far as we know, no system based on ML or DL has yet been
evaluated in prospective trials.
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5 | DISCUSSION

Although CTG monitoring was introduced more than fifty years ago,
it has not yet been demonstrated that it is associated with a signifi-
cant improvement in neonatal outcomes when compared with sim-
pler approaches such as intermittent auscultation.® This may be as
a result of several factors, including the biological variability in the
ability of the fetus to tolerate hypoxic periods during labor.>® We
are of the opinion that an important factor is the way CTG signals
are interpreted visually by practitioners today, a complex process
known to induce a significant interobserver variability.>~> Using effi-
cient computerized tools to assist practitioners in the interpretation
of CTG signals is a very promising way to make the most of CTG
monitoring in the labor ward. The tools currently integrated in the
monitoring devices are based on relatively simple approaches based
on FIGO's guidelines, and they can still be largely improved.

210 and of more efficient data

The availability of larger databases
analysis tools (eg ML and DL) has led to a surge of research papers
introducing computerized CTG analysis systems with a very high
accuracy. The most accurate systems as of today are based on DL,
and several have been shown to perform better than clinical practice
when evaluated on retrospective databases.**® However, there are
still challenges ahead which need to be solved before any of those
systems can be deployed in clinical practice, and we would like to
conclude this review by listing the main challenges and some ideas
on how to solve them in the next years.

First, in order to be used in clinical practice, a computerized
system must be appropriated and trusted by practitioners. A useful
fetal hypoxia prediction system must not only provide practitioners
with an accurate prediction of the risk of fetal hypoxia, but it must as
well produce interpretable indicators making the prediction under-
standable. This is quite straightforward for relatively simple systems
based for example on FIGO's guidelines that are well known by prac-
titioners, but the more complex becomes the system, the less inter-
pretable it may be. This is a well-known challenge when applying DL
methods to healthcare.>® Also, the use of such systems in clinical
practice requires a regular training of the practitioners to make sure
they make the most of them.

Another issue we would like to raise is the lack of a common
standard to evaluate the systems. A large majority of studies eval-
uate the systems on retrospective cohorts, and the most popular
metric is the AUC. However, it varies a lot between the systems,
and some of them reach a surprisingly high performance with an
AUC close to 1.22*% We encourage the community to build common
evaluation methodologies and datasets, to make the reported per-
formances comparable. The CTG challenge developed as part of the
Workshop on Signal Processing and Monitoring in Labor®* is a step
in the right direction. The development and sharing of large, open
and anonymized multicentric databases of perinatal and CTG data
during labor are the conditions for progress in the field.

Beyond their evaluation on retrospective cohorts, the systems
must be validated before clinical use in conditions as close as possi-
ble to the ones in which they will be used. In particular, the validation

methodology must evaluate the whole integration of the comput-
erized system in the labor ward, and not only the piece of software
returning a risk of fetal hypoxia. RCTs is an obvious candidate to
perform this validation, and it has been applied to several computer-
ized CTG analysis systems with mixed results.*4*%>°> However, given
the low incidence of neonatal morbidity (around 0.1%), running such
RCTs requires a very large number of patients (at least several doz-
ens of thousands), making them expensive and time consuming. We
believe that the community should align on an effective way to vali-
date the effectiveness of computerized CTG analysis systems.

An important specification of data-driven systems is the definition
of a pathological outcome. The end-goal of those systems is to reduce
the number of adverse neonatal outcomes, and in practice a proxy for
this is derived from fetal blood pH or Apgar at 1 or 5min. The link be-
tween fetal acidemia or a low Apgar and an adverse neonatal outcome
has been previously studied, for example by Bligard et al.>” Most stud-
ies define a pathological outcome as a pH lower than 7.05 or 7.15, and
we found one study that used an outcome based on Apgar at one or
5min.t® The specification of the outcome optimized by the system has
a key impact on its performance, thus specific studies should be run to
align the community on the definition of pathological outcomes.>®

So far, some teams use invasive adjunctive technologies to
detect fetal hypoxia during labor when CTG interpretation is par-
ticularly difficult, such as fetal scalp blood sampling and STAN. In ad-
dition to their questionable contribution to reducing poor neonatal

59.60 these invasive methods are not without risks for the

outcomes,
fetus.%%? Hence, it is worth improving computerized CTG analysis
systems that may replace those invasive technologies at one point.
Finally, it is worth mentioning the important impact computerized
CTG analysis could also have outside labor, and especially in remote
monitoring during pregnancy. Systems enabling women to monitor
FHR and UC at home have been built in the last years, and several
studies show that their quality is close to the quality of high-grade
cardiotocographs used in hospitals.62 A qualitative study run by Van
den Heuvel et al. concluded that home-based telemonitoring of fetal
parameters could be of great use for high risk pregnancies,®® and an-
other study by Pilarczyk et al. concluded that it should be implemented
into everyday obstetric care.®* As remote CTG monitoring may be
performed without any medical practitioner around, the integration of
computerized CTG analysis in the process will be particularly useful.
As an overall conclusion, we believe that the use of advanced
computerized systems based on ML and DL in CTG monitoring has
the potential to bring important benefits by helping practitioners
to make better decisions in the labor ward. Several studies have al-
ready introduced systems with a very promising performance, but
there are challenges ahead that need to be tackled before any use
in clinical practice. In particular, those systems need to be trusted
and appropriated by practitioners and need to be evaluated with a

robust methodology.
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