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Abstract

On the outbreak of the global COVID-19 pandemic, high-risk and vulnerable groups in the population were at particu-
lar risk of severe disease progression. Pregnant women were one of these groups. The infectious disease endangered
not only the physical health of pregnant women, but also their mental well-being. Improving the mental health of
pregnant women and reducing their risk of an infectious disease could be achieved by using remote home monitor-
ing solutions. These would allow the health of the mother and fetus to be monitored from the comfort of their home,
a reduction in the number of physical visits to the doctor and thereby eliminate the need for the mother to venture
into high-risk public places. The most commonly used technique in clinical practice, cardiotocography, suffers from
low specificity and requires skilled personnel for the examination. For that and due to the intermittent and active
nature of its measurements, it is inappropriate for continuous home monitoring. The pandemic has demonstrated
that the future lies in accurate remote monitoring and it is therefore vital to search for an option for fetal monitoring
based on state-of-the-art technology that would provide a safe, accurate, and reliable information regarding fetal and
maternal health state. In this paper, we thus provide a technical and critical review of the latest literature and on this
topic to provide the readers the insights to the applications and future directions in fetal monitoring. We extensively
discuss the remaining challenges and obstacles in future research and in developing the fetal monitoring in the new
era of Fetal monitoring 4.0, based on the pillars of Healthcare 4.0.

Keywords COVID-19, Fetal monitoring 4.0, Fetal telemonitoring, Healthcare 4.0, Non-invasive fetal
electrocardiography (NI-fECG), Remote fetal monitoring, Smart healthcare

Introduction

The COVID-19 pandemic, caused by severe acute res-
piratory syndrome coronavirus 2 (SARS-CoV-2), has
affected almost all areas of human life, including the
provision of healthcare. The main challenge faced by
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healthcare providers has been to ensure patient safety,
while maintaining the quality of the healthcare services
provided [1]. Particular attention was focused on patients
who had a higher risk of severe COVID-19 progression.
According to the World Health Organization (WHO) [2],
this risk group includes pregnant women, among others,
especially those who are older, overweight, and have pre-
existing medical conditions (hypertension and diabetes).
However, due to the physiological changes in their body,
pregnant women are a vulnerable group in the event of
an outbreak of any infectious disease (even without pre-
existing medical conditions).

In addition to health risks, the COVID-19 pan-
demic has also had a huge impact on the mental state
of pregnant women, leading to stress, anxiety and
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depression [3-9]. Stress during pregnancy is most often
associated with higher rates of preterm deliveries and the
delivery of low-birth-weight babies [4, 10, 11]. Prenatal
mental stress can lead to an increased risk of gestational
hypertension and preeclampsia [10, 12, 13]. The impact
of prenatal stress on the neuropsychological development
of the fetus [10, 14] and the behavioral and physiological
development of offspring [15] has also been shown.
Protecting pregnant women and their fetuses should
therefore be a priority [16]. Quarantine, hygiene meas-
ures and social distancing have proved to be effective
protection against the spread of COVID-19. However,
if these measures are not adequately followed, there is a
higher risk of contracting this viral disease [17, 18].

Covid-19 and pregnancy

Approximately 80.0% of COVID-19 cases in pregnant
women were asymptomatic or exhibited mild symp-
toms [19]. In mild cases of the disease, pregnant women
exhibited similar symptoms to non-pregnant women. The
most common symptoms were fatigue (54.5%), followed
by a cough (50.1%) and fever (27.6%). Other symptoms
included dyspnea (21.0%), myalgia (16.0%) and a sore
throat (11.0%) [20]. In severe cases of COVID-19, preg-
nant women required more frequent hospitalization in
an intensive care unit (ICU) and mechanical ventilation
than non-pregnant women of childbearing age [2, 21].
Five percent of infected pregnant women were diagnosed
with severe or critical forms of pneumonia requiring res-
piratory support [22]. In addition, in [23] the incidence
of respiratory distress, fetal distress, miscarriage, preterm
delivery and coagulopathy accompanied by liver dysfunc-
tion and even the mother’s death as a result of COVID-19
was observed in pregnant women.

Stress is the body’s response to adverse situations
that most people encounter during their lifetime. Anxi-
ety and stress affect 10.0 to 25.0% of pregnant women
during pregnancy [3]. The COVID-19 pandemic was
an atypical situation that generated stress factors that
pregnant women had never encountered or only to
a limited extent in non-pandemic times. During the
pandemic, pregnant women were shown to experience
significantly more pronounced symptoms of anxiety
(57.0%) and depression (37.0%) compared to levels that
commonly occur during pregnancy, as well as the lev-
els experienced by other groups of the population dur-
ing the current pandemic [3]. High levels of anxiety in
pregnant women during the COVID-19 pandemic were
also confirmed by [4-9]. Women were most often con-
cerned about their health due to COVID-19 infection
and the health of their fetus [3-5, 7, 9, 24]. Another
significant stress factor was concerns regarding lim-
ited or inadequate healthcare (limitation of face-to-face
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prenatal visits, change of the birth plan, limited care
due to overcrowded hospitals, unavailable equipment,
different treatment in case of COVID-19 positivity)
and isolation (inability of the support person to be pre-
sent at the birth, restriction on hospital visits by family
members) [3-5, 24]. Pregnant women were also wor-
ried about food shortages or job losses for close family
members [4] and concerns about the health of elderly
parents or grandparents infected with COVID-19 [5].
The three main groups of stress factors relating to
health and healthcare during the COVID-19 pandemic
will be discussed in more detail.

o Fear of COVID-19 infection - Naturally, fear of
COVID-19 infection was one of the main stress
factors [3-5, 7, 9, 24]. Even when complying with
hygiene and quarantine measures, an increased risk
of infection was demonstrated in public places [25,
26]. Thus, when visiting their doctor for regular pre-
natal check-ups, pregnant women were at risk of
infection, especially when traveling by public trans-
port [25] and in healthcare facilities (including indi-
vidual departments, waiting rooms, hallways, eleva-
tors or toilets) [27-32]. In [27], a meta-analysis of
nosocomial infections in people with COVID-19 was
conducted. The proportion of nosocomial infections
with the early onset of COVID-19 among confirmed
cases was 44.0% (including medical staff, hospitalized
patients and visitors). In [29], approximately 15.0% of
patients hospitalized with COVID-19 were infected
in hospital. Of these, 55.0% of cases were by patient-
to-patient transmission through contact in the same
bay. Another 14.0% of patients had contact with
an infected person in the same department (using
shared equipment or through the movement of staff).
In the remaining cases, no obvious source of infec-
tion was found. The greatest fear of most pregnant
women was being infected at healthcare facilities [4,
5, 24]. Some women were so afraid of giving birth in a
hospital and staying on the ward with asymptomatic
patients infected with COVID-19 that they explored
the possibility of giving birth at home [24]. The case
of a woman who decided to give birth at home with-
out medical and midwife assistance due to her fear of
COVID-19 infection in hospital is described in [33].
She did not even visit the hospital for subsequent
postnatal care. In addition, in [4] there was a signifi-
cant decrease in women who wanted to give birth
at a maternity hospital, dropping from 96.4% before
the pandemic to 87.7% during the pandemic. Some
women even wanted to give birth prematurely by
caesarean section for fear of infecting themselves or
family members visiting the hospital [5].
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o Fear of transmitting the virus to the fetus - Another
significant factor was the fear among pregnant
women that they could transmit the virus to the
fetus and concerns regarding its health [3, 5, 7, 9].
The majority of women (83.2%) believed that the
infection could be transmitted to the newborn, and
a high proportion of women (84.6%) also believed
that the infection could affect the health of the fetus
if the mother was infected with the virus [34]. Trans-
mission of the infection from mother to child takes
place in the form of vertical transmission. Vertical
transmission can be defined as transmission dur-
ing pregnancy through the placenta in-utero, during
delivery when the newborn comes into contact with
the mother or after birth during breastfeeding [35].
Placental vertical transmission from mother to fetus
has been demonstrated in COVID-19, provided
transmission took place in the third trimester [20,
36-38]. The significant impact of the infection on the
health of the newborn has not been demonstrated,
but there is still insufficient information on whether
the virus could have teratogenic effects if placental
transmission were to occur in the first trimester [36].
In [35], children born to women with COVID-19
were shown to be at higher risk of admission to the
neonatal ICU. In addition, pregnant women with
COVID-19 were more likely to have a preterm deliv-
ery than women without this disease, and a high rate
of cesarean sections was also shown in mothers with
COVID-19 (in the range of 67.2—-94.0%) [35].

+ Limited healthcare and isolation - Insufficient or
limited prenatal care was also frequently mentioned
in connection with COVID-19 and stress factors [3,
4, 24]. According to a survey [3], 89.0% of pregnant
women indicated changes in prenatal care during
the pandemic, which was very stressful for them.
These changes included the cancellation of doc-
tor’s appointments (36.0%), the inability to bring
a support person to the birth (90.0%), a change of
birth plan (11.0%) or difficulties in accessing other
healthcare (74.0%) such as psychological counseling
or chiropractic care. The cancellation of doctor’s
appointments as part of prenatal care was also noted
by 25.8% of women in [4]. Pregnant women in [24]
stated that they had to visit hospital departments
located elsewhere as part of prenatal care during the
pandemic and, in addition, they could not visit the
hospital with their partner or have him/her at the
birth. Twenty-eight percent of women reported that
the frequency of regular check-ups was cut back and
that some healthcare professionals were more con-
cerned about COVID-19 than pregnancy. Fourteen
percent of women mentioned they were concerned
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about how they would be treated by healthcare pro-
fessionals if they were diagnosed with the virus. Most
women were concerned about the availability of
equipment (such as a birthing pool) and restrictions
on their use [24]. There was also fear that the induc-
tion of labor would be canceled or delayed. Women
complained that social isolation as part of postnatal
care led to either a complete lack or reduction of sup-
port by family and friends [24, 39].

Remote monitoring could help reduce the impact of
stress factors on pregnant women during the pandemic
and reduce the risk of contracting COVID-19 or other
viral diseases at healthcare facilities, in public spaces, as
well as on public transport. Remote monitoring could
become an alternative to regular doctor’s appointments,
helping to protect pregnant women from infection, while
monitoring their health from the comfort and safety of
their home [40]. This form of remote healthcare could
thus have a positive impact on both the mother’s physical
and mental health.

Past and present of fetal monitoring

This section provides the introduction to the evolution of
the fetal monitoring, from the methods used in its early
days until the state-of-the-art methods of today’s clinical
practice.

Evolution of fetal monitoring

As in other sectors, fetal monitoring is changing and
evolving, largely due to the rapid development of mod-
ern technologies. And so, like industrial development,
we can talk about development and progress in health-
care (and consequently, fetal monitoring) marked by vari-
ous milestones [41], as shown in Fig. 1. Industry 4.0 has
transformed the manufacturing industry into a new para-
digm. In a manner similar to manufacturing, healthcare
delivery and fetal monitoring is at the dawn of a foun-
dational change into a new era of smart and connected
healthcare, referred to as Healthcare 4.0 [42]. Healthcare
4.0 is all about capturing enormous amounts of data and
using it to make better healthcare management decisions
and thus achieving significant gains in efficiency and cost
control [43]. The evolution of healthcare according to
Hathaliya et al. [44] is as follows:

1 Healthcare 1.0 - the first healthcare revolution was
characterized by major change in clinical practices
and procedures, which became evidence-based and
thus more efficient allowing the solution of major
public health problems of that time (e.g., preventing
infectious diseases by introducing vaccination). The
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Fig. 1 Timeline and major developments in healthcare and fetal monitoring

patient’s records were paper-based and physically o Fetal monitoring 2.0 — electronic fetal monitoring
held by the physician. was introduced and replaced manual paper-based

2 Healthcare 2.0 - new discoveries and inventions records. The fHR can be continually monitored with
led to the introduction of new medical devices and uterine contractions using the cardiotocograph [46].
methods in everyday practice. Technology became + Fetal monitoring 3.0 — successful introduction of a
more prominent in healthcare, which enabled more fetal telemedicine allowing remote fetal diagnosis
accurate and early diagnosis and treatment. and consultations with a specialist while reducing the

3 Healthcare 3.0 - as computers became smaller, they costs and journey times [47]. This phase is thus asso-
could be used in the form of home-monitoring and ciated with the development of wearable fetal moni-
wearable devices, allowing continual telemonitor- toring devices that would allow the mother to moni-
ing of the patient and diagnosing their state of health tor the health of the fetus at home [48].
more precisely. The Internet provided healthcare + Fetal monitoring 4.0 — the digitalization of healthcare
with continuous access and storage of data. is already underway, yet slowly compared to other

4 Healthcare 4.0 - this collection of approaches facili- industries. Four areas of digitalization will become
tates the shift from hospital-centered to patient-cen- increasingly familiar to healthcare professionals and
tered care and making medicine more efficient and patients in years to come:
personalized. These approaches include, for exam-
ple, the Internet of Things, artificial intelligence (AI), 1 Internet of medical things (IoMT) — can allow
medical digital twins, robotics, and smart sensing. patients to consolidate data, allowing clinicians to
One of the steps needed in this phase is digitalization create a more precise picture of a patient’s health.
of the healthcare enterprise and services to provide Each fetal monitor can be considered an IoT
enough input information to work with, and a large device that is part of a vast network of the same
number of devices of varying types communicating devices [41]. Every device in such a network will
with each other. then regularly connect to the internet to upload

the measured results to remote servers, either for

Similar concepts can be applied to fetal monitoring: medical examination by an expert or simply for

backup purposes [49].

+ Fetal monitoring 1.0 — first monitoring based on 2 Automation — by incorporating automated
maternal senses - information on fetal motility, con- equipment, smart monitoring, and decision-
tractions or other sudden changes. Later, the phy- making services, the efficiency and accuracy of
sician or the midwife could monitor the health of services for the patients may be increased. As
the fetus by means of intermittent auscultation, a result, it will be possible to decrease the reli-
using either his/her ear or primitive tools such as ance on humans for mundane or repetitive tasks,
the Pinard stethoscope - correlation between the speed up many of the services offered, and reduce
fetal heart rate (fHR) and its well-being was estab- the possibilities of errors negatively affecting the

lished [45]. patients.



Kahankova et al. BMC Pregnancy and Childbirth (2023) 23:33

3 Artificial Intelligence — using the power of predic-
tive analytics to accelerate progress in fetal moni-
toring and diagnosis [50].

4 Cybersecurity — in connection with the remote
fetal monitoring project, the question of the man-
agement and storage of sensitive and key health
data also arises. In general, data generated by
measurement or during consultation with experts
can be described as electronic medical records
(EMR), i.e,, critical, highly sensitive private infor-
mation in healthcare [44]. Due to the sensitivity
of this data, the question arises here on how to
share the data efficiently, but safely. The answer to
the question may be the use of blockchain tech-
nology [41].

5 Advanced Hybrid Technologies — combining dif-
ferent technologies to enhance the quality of the
sensed signal, such as fetal phonocardiography
and electrocardiography [48].

State-of-the-art fetal monitoring methods

The most commonly used method for electronic fetal
monitoring in clinical practice today is cardiotocography,
which monitors the fHR and uterine contractions [51].
However, there are other alternative methods based on
different principles that seem to be much safer and more
reliable options for remote home monitoring.

o Fetal phonocardiography (fPCG) — is a method
based on sensing fetal heart sounds (fHS) through
the mother’s abdominal wall. The advantage of this
device is its simplicity given that cardiac activity can
be detected using a medical stethoscope with a sen-
sor in the form of a microphone or pressure sensor.
The detected signal is converted into an electric sig-
nal, amplified, digitized and filtered [52]. This method
is completely passive, low-cost and is a highly suitable
alternative diagnostic tool for determining fHR. Due
to its advantages, this method is suitable for home
monitoring [53]. Among its main disadvantages is its
high sensitivity to surrounding interference (noise)
and the correct placement of the sensor. To obtain
a good signal, the sensor must be placed as close as
possible to the heart of the fetus, which can be dif-
ficult in earlier stages of pregnancy [52, 53].

« Fetal echocardiography (fECHO) — is a method based
on Doppler ultrasound, which is used for detailed
evaluation of fetal cardiac anatomy and the diagnosis
of congenital fetal heart defects [54, 55]. The disad-
vantage of this method is the exposure of the mother
and fetus to ultrasound radiation, and thus the inabil-
ity to use this method for continuous monitoring. In

Page 5 of 17

addition, the evaluation of recordings relies on the
physician’s knowledge and experience [55, 56].

+ Fetal magnetocardiography (fMCG) — is a highly

effective method based on measuring and ana-
lyzing the magnetic fields of the fetal heart using
a superconducting quantum interference device
(SQUID) [57]. The advantage of this method is the
high quality of acquired signals, allowing accurate
determination of fHR and accurate morphologi-
cal analysis of the signal (ST analysis or QT interval
analysis), which can be used for more precise deter-
mination of fetal hypoxia or to detect arrhythmias
(e.g., supraventricular ectopy or atrial tachycar-
dia) [58, 59]. However, this method is not available in
hospitals very often due to its complexity (requires a
shielded room and experienced specialist) and finan-
cial cost [57].

o Fetal cardiotocography (CTG) — this method is cur-

rently the most widely used fetal monitoring method
in clinical practice. It uses a Doppler-based sensor
to detect fHR and a pressure sensor to detect uter-
ine contractions [51, 60]. Since both sensors are fas-
tened to the mother’s abdomen with elastic bands,
care must be taken to ensure optimal fastening.
Insufficient or disproportionate pressure can distort
measurements and cause the mother discomfort. The
disadvantage of this method is that the sensor only
senses heart beats and thus cannot provide more
detailed information about fetal heart activity. In
addition, the resulting fHR value is given by averag-
ing instantaneous fHR values, which makes it difficult
to assess short-term changes in fHR [61]. Evaluating
CTG recordings requires an experienced profes-
sional. This method is also sensitive to the correct
placement of the sensor and motion artifacts [62].
Sensitivity is reduced in women with a high body
mass index (BMI) [63]. Another disadvantage is the
exposure of the mother and fetus to ultrasound radi-
ation and the mother’s inability to move freely during
monitoring [61].

o Fetal electrocardiography (fECG) — fECG is used to

record the electrical activity of the fetal heart. There
is an invasive form of this method (I-fECG), in which
fetal heart activity is sensed using a scalp electrode
placed directly on the fetus’s head and a non-invasive
form (NI-fECG), in which heart activity is recorded
from the pregnant woman’s abdominal region [64].
Although the invasive approach provides a very good
signal, it can only be performed during labor and
there is also the risk of infection [65]. The non-inva-
sive option is safe compared to the invasive version
and allows monitoring during pregnancy and labor.
Compared to CTG, fECG can provide signal mor-



Kahankova et al. BMC Pregnancy and Childbirth (2023) 23:33

phology in addition to fHR, which gives more precise
information about the health of the fetus (it can more
accurately detect fetal hypoxia [61], and the morphol-
ogy of fECG signals is also expected to contain much
more information about heart defects compared to
conventional sonographic methods [64]). What’s
more, the mother and fetus are not exposed to ultra-
sound radiation, which allows continuous monitoring
and monitoring as part of home care. The method is
also suitable for women with a higher BMI [66]. For
all the above reasons, fECG could become the alter-
native to CTG in clinical practice. The main disad-
vantage of this method is the high degree of inter-
ference caused by the maternal electrocardiographic
signal (mECG), which is detected together with the
useful fECG signal [61].

A comparison of fetal monitoring methods is given in
Table 1. The table summarizes the types of sensors these
methods use and the stage of pregnancy from which the
method can be applied. It further specifies whether it is
possible to determine the fHR or perform a morphologi-
cal analysis of the acquired signal using the method. The
table also contains information on whether it is a non-
invasive or invasive method, and the last column defines
whether the mother can move freely when using the
device.

The NI-fECG is often praised to be one of the most
promising methods for continuous monitoring, which is
in consistent with the findings summarized in Table 1.
Although the extraction of the fECG signal using the
implemented algorithm is accurate, there are cases (e.g.,
unsuitable fetal position in the mother’s abdomen during
measurement) when the fetal component in aECG signals
becomes very low due to the maternal component and
the suppression of mQRS complexes is challenging [67].
In these cases, the algorithm cannot reliably completely
suppress the residual maternal component. These resi-
dues can be detected as false positive fQRS complexes
and the value of the resulting fHR can be distorted [68,
69]. To avoid such inaccurate measurement, it would be

Table 1 Comparison of fetal monitoring methods
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thus beneficial to combine it with another monitoring
method, such as fPCG, which is the second most promis-
ing method for continuous fetal monitoring.

The combination of these two methods has achieved
promising results in case of the preliminary study
reported by Gobillot et al. [70]. Simultaneous measure-
ment of fECG and fPCG yielded an fHR curve that highly
correlated with the fHR curve obtained using the refer-
ence CTG. Electrical signals were acquired from both the
mother’s chest and abdomen, and acoustic signals were
measured using microphones. However, testing has only
been performed on 9 recordings obtained from 7 women
between the 24™ and 39" week of pregnancy, and much
more research is needed.

The combination of fECG and fPCG has also been
implemented in some of the commercially available
systems, such as Invu System [48], which is a wearable,
self-administered, fixed location device in the form of a
belt with 12 sensors (8 passive electrical and 4 acoustic
sensors-microphones). Measured fECG and fPCG signals
were independently processed and analyzed. The results
from electrical and acoustic signals were subsequently
merged and the mHR and fHR were determined. The
device was tested on 147 women with singleton preg-
nancies from the 32" week of pregnancy. Although the
device is primarily designed for remote home monitor-
ing, in this first phase, measurements were conducted by
research staff in a medical setting. Both mHR and fHR
values were compared with values obtained using con-
current CTG measurements. The results showed a high
correlation between the Invu System and CTG.

By implementing a combination of fECG and fPCG
methods, it would be possible to obtain more precise
clinical information about the health of the fetus, or to
obtain such information in cases where it cannot be
obtained with fECG at all (e.g., between the 28th and 32nd
week of pregnancy, when the fetus is covered with a thick
electrically non-conductive layer of vernix caseosa and
fECG is virtually impossible to measure) [64]. In addi-
tion, fPCG can provide additional information about the
health of the fetus (e.g., information on heart murmurs)
that cannot be detected by fECC [52].

Monitoring  Senzor type Week of pregnancy fHR  Morphological Non-invasive Mobility
method analysis

fPCG Microphones or pressure transducers >20 Yes No Yes No
fECHO Ultrasound transducer >18 Yes No Yes No

fMCG Superconducting quantum interference device senzor > 14 Yes  Yes Yes No

CTG Ultrasound transducer and pressure transducer >28 Yes No Yes No
I-fECG Scalp spiral electrode Only during labor Yes  Yes No No
NI-fECG Standard ECG electrodes > 20 Yes Yes Yes Yes
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Available fetal monitoring devices

Researchers and scientists have devoted extensive time
and effort to research in the field of NI-fECG. Most
studies [71-73] only focus on testing algorithms for fil-
tering fECG; only a few authors deal with the compre-
hensive design of a prototype for detecting, processing
and transmitting fECG in the context of a remote home
monitoring system. These include Signorini et al. [74],
who designed the wearable Telefetalcare System which,
according to the accuracy parameter (ACC), achieved
an overall accuracy of 98.5% in the detection of mQRS
complexes and 91.3% in the detection of fQRS com-
plexes. Signals and the accuracy of detection were
evaluated by a specialist (physician). The Prototype for
Diagnosing Fetal Arrhythmia was designed by Corona-
Figueroa et al. [75]. In addition to determining mHR
and fHR, the device can also detect fetal arrhythmias
(bradycardia, sinus bradycardia, tachycardia, sustained
supraventricular tachycardia, atrial flutter, accelera-
tions, decelerations and prolonged decelerations).
When tested on synthetic signals, it achieved 98.6%
accuracy in determining fHR and 88.9% in detecting
arrhythmia. The Fetal ECG Monitoring System Based
on the Android Smartphone was designed by Yuan
et al. [76] and the Savvy Sensor was designed by Rashk-
ovset al. [77]. Examples of prototypes for NI-fECG
monitoring are compared in Table 2.

In recent years, the manufacturers of commercial fetal
monitoring devices have also begun to notice the advan-
tages of NI-fECG listed above. However, their number
is still limited, as there are only six manufacturers that
have obtained US food and drug administration (FDA)
or CE certification for their devices, which can therefore
be used in clinical practice in Europe. The first is Monica
Healthcare Ltd. (Nottingham, UK), which manufactures
the Monica AN24 [78, 79]. The second is GE Healthcare
(Chicago, IL, USA), which manufactures the Novii Wire-
less Patch System [80]. The third is MindChild Medical,
Inc. (North Andover, MA, USA), which manufactures the
MERIDIAN M110 Fetal Monitoring System [78, 81, 82].
Another is Nemo Healthcare (Veldhoven, the Nether-
lands), which manufactures the Nemo Fetal Monitoring
System [83, 84] and Koninklijke Philips N.V. (Amsterdam,
The Netherlands), which manufactures the Avalon Belt-
less Fetal Monitoring Solution [85]. The last manufacturer
is NUVO Inc. (Erie, PA, USA), which manufactures the
wireless Invu System [48], which is the only device from
those listed focused on home monitoring in different
stages of pregnancy rather than monitoring during the
labour. Examples of commercial NI-fECG monitoring
devices are shown in Fig. 2 and compared in Table 2. The
table summarizes the types of sensors these methods use
and the stage of pregnancy from which the method can
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be applied. It further specifies whether it is possible to
determine the fHR, the maternal heart rate (mHR) or to
perform a morphological analysis of the acquired signal
using the method. The last column shows the certifica-
tion of the device.

Future prospects in pregnancy monitoring

The previous sections introduced the state of the state-
of-the-art methods and technology and revealed the
need for the development in the field of fetal monitor-
ing catalyzed by the surge of the global pandemic. This
section aims to introduce some of the possible future
directions of the research, summarized by the newly
introduced naming: Fetal Monitoring 4.0 (see 4.1), as well
as the areas where the Al can be implemented.

Concept of fetal monitoring 4.0

Herein, we suggest a concept of Fetal Monitoring 4.0
based which aims to balance out the drawbacks of the
state-of-the-art methods summarized above and follow
the current trends towards the e-Health and Healthcare
4.0. The concept is illustrated by means of the schematic
diagram in Fig. 3. The whole concept consists of the fol-
lowing units:

1 Fetal monitoring system — includes a fetal measur-
ing pad system (herein referred to as measuring belt
but the technology may vary) consisting of multiple
measuring electrodes/probes based on the principle
used. This system acquires the abdominal signals (e.g.
ECG or PCG) from the maternal skin surface. These
signals include both a maternal and fetal components
and need to be further processed in order to obtain
the fetal signal and associated clinical features.

(@) Electrode/sensor placement — the measuring
probe’s placement is a challenging task in fetal
monitoring. For most of the available methods,
there is no standard such as in the case of mon-
itoring in adults. In the case of NI-fECG, the
optimal electrode selection varies based on dif-
ferent factors, such as the stage of pregnancy or
fetal position [61]. Therefore, it is advantageous
to create a general electrode placement cover-
ing a reasonable area of the maternal abdo-
men [86]. However, we must keep in mind that
the number of measuring probes should not be
too high due to significant energy demands for
continual monitoring. The most feasible solu-
tion is thus a measuring device in the form of
an adjustable wearable belt with incorporated
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Table 2 Comparison of commercially available and prototype fetal monitoring devices
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Monitoring device Senzor type Week of fHR, mHR Uterine Morphological Certification
pregnancy activity analysis

Monica AN24 5 standard ECG electrodes >20 Yes Yes No FDA, CE

Novii Wireless Patch System Patch system with 5 incorporated >36 Yes Yes No FDA, CE
electrodes

MERIDIAN M110 Fetal Monitoring Patch system with 28 incorporated >36 Yes Yes No FDA

System electrodes

Nemo Fetal Monitoring System Patch system with 6 incorporated >21 Yes Yes No CE
electrodes

Avalon Beltless Fetal Monitoring Patch system with incorporated - Yes Yes No FDA, CE

Solution electrodes

Invu System Belt system with 8 electrical senzores >32 Yes No No FDA
and 4 microphones

Telefetalcare System Bodysuit with 9 ECG textile electrodes > 37 Yes No No -

Prototype for Diagnosing Fetal 2 sets of 3 ECG electrodes >32 Yes No No -

Arrhythmia

Fetal ECG Monitoring System Based 5 standard ECG electrodes - Yes No No -

on the Android Smartphone

Savvy Sensor 2 electrodes in a plastic housing >20 Yes No No -

'S

Fig. 2 Examples of certified commercial fetal monitoring devices, a Monica AN24, b Novii Wireless Patch System [80], ¢ MERIDIAN M110 Fetal
Monitoring System [81], d Nemo Fetal Monitoring System [83], e Avalon Beltless Fetal Monitoring Solution [85] and f Invu System [48]
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Pregnant woman

mECG
mPCG

Maternal heart
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Doctor TR AI ChatBot

Y
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: mECG
| mPCG fHR, mHR
| Signal processing Fetal ST/QT analysis
! and extraction fECG Fetal motility
' fPCG UC count
[} 0
,: Con}tzrlz_i[(élons .DiagnosFic Mobile
Abdominal signals —_— information application
Estimated signals
Fig. 3 Schematic diagram of the concept of Fetal Monitoring 4.0 based on NI-fECG

measurement probes. However, there were also The tool should include functions allowing following

been attempts for the measurement of the sig- steps:

nals using smart textiles [87].

(b) Materials used — besides demands on the qual- (a) Preprocessing and signal extraction — because

ity of the signal being sensed, the wearable sys-
tem should also comply with requirements for
the patient’s safety and comfort. This is asso-
ciated with the materials used. Both the wear-
able belt and measuring probes should be made
from hypoallergenic, biocompatible materi-
als. Among the preferable materials are thus
antimicrobial nanotextiles providing protec-
tion against the formation of microorganisms
during moisture or sweating. The materials
should also be flexible (to adjust to the varying
shape and size of the pregnant woman’s abdo-
men) and durable (for daily use). The trend is in
reducing the size of sensors.

As summarized in State-of-the-art fetal monitoring
methods section, most prototypes for NI-fECG moni-
toring use disposable patch systems. This approach,
however, is not suitable for continuous home monitor-
ing in commercial systems. As suggested by adult ECG
monitoring, the most suitable sensors for this task are
wearable, incorporated into textiles or other suitable
materials [88, 89].

2 Signal analysis tool — this tool enables processing of
input abdominal signals in order to the fetal compo-
nent and extract the clinical features, such as fHR.

acquired abdominal signals contain the mater-
nal component and other interference in addi-
tion to the useful fetal component, this inter-
ference must first be eliminated. The first step
is pre-processing, which supresses most of the
unwanted signals in a given range, which var-
ies according to the signal being measured. For
example, in NI-fECG, the pre-processing with
a bandpass finite impulse response filter with
cut-off frequencies of 3 and 150 Hz and a fil-
ter order of 500 is sufficient to eliminate con-
ventional interference (e.g., isoelectric line
fluctuations, respiratory artifacts or motion
artifacts) [68]. A more complex task arises in
eliminating unwanted signals, especially the
maternal component, as the measured signals
overlap in time and frequency. In addition, the
amplitude of fetal component tends to be sev-
eral times lower than the maternal one, and
so, the use of advanced extraction methods is
unavoidable [67]. A number of algorithms have
been successfully tested for both the fPCG and
fECG extraction in the past, including inde-
pendent component analysis (ICA) [90], prin-
cipal component analysis (PCA) [91], empirical
mode decomposition-based (EMD) [92] algo-
rithms, wavelet transform (WT) [93], adaptive



Kahankova et al. BMC Pregnancy and Childbirth (2023) 23:33

(b)

(0

(d)

neuro-fuzzy inference system (ANFIS) [94]
and adaptive algorithms such as least mean
squares (LMS) [93], recursive least squares
(RLS) [95] or fast transversal filter (FTF) [96].
When selecting an algorithm, in case of fECG
extraction, it is necessary to ensure sufficient
suppression of the maternal component so that
maternal R peaks are not detected and the fHR
can be accurately determined [67, 68]. Also, the
resulting fECG signal should not be distorted in
order to enable a morphological analysis (e.g.,
ST analysis or QT interval analysis), which pro-
vides additional valuable information on fetal
health [97].

Fetal heart rate determination — fetal heart
rate is one of the most commonly used param-
eters in fetal monitoring. It is associated with
the amount of beats occuring in a minute. The
fetal beats can be obtained from the meas-
ured signals, where significant waves/peaks are
detected. In NI-fECG, the R peaks are detected
in the extracted fECG signal with the sup-
pressed maternal component [69], whereas in
fPCG, the significant feature for the detection is
the S1 sound [98]. Following the reliable detec-
tion of fetal R peaks/S1 sounds, the current fHR
can be determined or the fHR trace plotted
over time.

Maternal heart rate determination — since
the maternal component is dominant in the
abdominally sensed signal, it is much easier to
detect maternal R peaks/S1 sounds than the
fetal ones. Using these peaks, the mHR can be
determined and displayed along with informa-
tion about the fetus.

Uterine contraction detection — The frequency
of uterine contractions, their length and inten-
sity indicate the condition of the uterus, which
will help the obstetrician identify the progress
of labor and whether hospitalization is already
needed. In the NI-fECG method, uterine con-
tractions can be sensed using an electrohys-
terogram (EHG), which is the signal relating to
action potentials generated by the uterus that
propagate to the maternal abdomen and can
thus be sensed along with the aECG signal [61].
As for the fPCG method, the information about
uterine contractions can also be obtained as
proposed in [99]. The abdominally sensed
acoustic signals are modulated by the uterine
contractions. The measured abdominal PCG
signals altered in this way thus have detectable
low-frequency changes in their morphology
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and this information can be extracted by basic
filtering methods.

3 Mobile/PC application — for efficient remote moni-
toring, an application should be created for the needs
of both the clinicians pregnant women to obtain
information about the health of the fetus. For preg-
nant women, such application should have a user-
friendly environment providing simple information
about the health, further information should be only
provided by the physicians. In contrast, the interface
for clinicians should be designed to provide further
analysis of the measured signals. The application
should include, for example, automatic The Inter-
national Federation of Gynecology and Obstetrics
(FIGO) guidelines classification [100], fHR in time,
fHRV analysis or morphological analysis of the NI-
fECG signal, such as ST analysis.

4 Communication network — data is stored and can be
viewed or shared with other specialists. This way,
fetal monitoring could become part of the loMT.

5 Cloud storage — allows a large amount of obtained
health data about the mother and fetus to be stored.
The main benefit is its flexibility, fast access and easy
updates of medical records. The patient’s entire med-
ical history can be found in one place, which can be
accessed by other members of the medical team, who
can act on the basis of current information about the
patient’s health.

Implementation of artificial intelligence

Medical technologies equipped with Al are rapidly evolv-
ing into clinical practice. In fetal monitoring, however,
the progress is slower than in other field particularly due
to the fact that there is no high-quality dataset with large
amount of real physiological or pathological recordings
available for the fECG method. When implementing the
Fetal monitoring 4.0 concept, the data could be easily col-
lected, pre-processed, and stored, which would enable
implementing Al-based solutions in the key application
areas:

1 Algorithm Optimization — although fECG signal
extraction using the proposed concept achieves
promising results in most cases, there is still room
for improvement. One of the main factors affecting
the quality of resulting fECG signals is the optimal
setting of extraction algorithm parameters. If the
parameters affecting the quality of filtration are set
correctly, the resulting fECG signal is good and can
be used to extract the maximum amount of clinical
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information [61, 69]. However, biological signals,
including fECG signals, and the noise associated with
fECG signals, are nonlinear, dynamic and variable,
and the optimal setting of algorithm parameters is
therefore different for each signal. When processing
each fECG signal, it is necessary to individually find
and set a different combination of extraction algo-
rithm parameters. This process is called algorithm
optimization. The most commonly used optimization
approaches are grid search and random search [101].
However, these approaches are very time consum-
ing (especially when setting parameters acquiring
continuous values) and do not guarantee finding the
global optimum. The use of meta-heuristic methods,
such as particle swarm optimization (PSO) [102], dif-
ferential evolution (DE) [103] or moth flame optimi-
zation (MFO) [104], seems more appropriate. These
approaches excel in the ability to find the global opti-
mum and avoid getting stuck in the local optimum.
In addition, they can find the global optimum faster
and more efficiently, which is an important criterion
if the algorithm is to be implemented in a real-time
device. Unfortunately, optimization in the field of
fECG extraction has been addressed by a small num-
ber of authors so far, and further research in this area
is needed. These authors include, for example, Nasiri
et al. [105] or Elmansouri et al. [106] who tuned the
ANFIS algorithm using PSO. Using the combined
algorithm, the authors achieved better fECG extrac-
tion and the results were obtained faster compared
to conventional ANFIS. PSO also proved effective
in the optimization of extended Kalman smoother
according to Panigraha et al. [107]. The DE method
by Kockanat et al. [108] was implemented for the
purposes of optimizing the parameters of the adap-
tive algorithm. The DE algorithm optimized the coef-
ficient vector of the adaptive filter. Based on a visual
comparison of extracted signals, residual mQRS
complexes were completely suppressed using the
combined algorithm. Whereas when using a conven-
tional LMS filter, residual mQRS complexes were vis-
ible. Panigrahy et al. [109] also achieved highly accu-
rate extractions (accuracy 90.7%) without the need
for the initialization of parameters by the user when
combining DE with extended Kalman smoother and
ANFIS. The relatively new MFO algorithm intro-
duced in 2015 also proved to be suitable in the field
of fECG extraction. It was tested by Jibia et al. [110]
in combination with the adaptive LMS algorithm.
Extraction using this combined method proved
promising, and the MFO also excelled in its simple
implementation and flexibility.
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2 Automated Classification — Although the concept

of Fetal Monitoring 4.0 allows basic automatic clas-
sification of fetal health, a larger number of features
should be used in the future for a more comprehen-
sive analysis, including both the morphological prop-
erties of the fECG curve and fHR properties in terms
of time and frequency parameters, all in relation to
uterine contraction features. The analysis and sub-
sequent classification of a large number of extracted
elements can be difficult for conventional algorithms.
However, algorithms based on Al and machine learn-
ing, which excel in solving complex tasks and pro-
cessing large amounts of data, could find their appli-
cation in the automatic classification of extracted
signals or state of fetal health. Algorithms based on
AL such as artificial neural networks [50], support
vector machines [111] or random forest [112] have
been used to classify CTG recordings in the past
to detect fetal hypoxia. The determination of fetal
hypoxia by a physician visually evaluating fHR traces
and uterine contractions often led to less than sat-
isfactory results and was influenced by the subjec-
tive evaluation and experience of the physician. For
these reasons, research focused on testing automatic
Al-based algorithms for the interpretation of CTG
recordings. The principle is based on the extraction
of elements from both the fHR trace and uterine
contraction curve (e.g., baseline fHR, number of pro-
longed decelerations per second or uterine contrac-
tions per second) and classifying the recording into
one of three classes: normal, suspicious or pathologi-
cal [111, 113]. Since it is possible to estimate a qual-
ity fHR curve from the fECG signal and obtain infor-
mation on uterine contractions, such as in the case
of CTG, the use of Al to classify fECG is one of the
main directions that further research should take. In
addition, unlike CTG, it is possible to extract mor-
phological elements (e.g., ST segment or QT interval)
from the fECG signal, which can help provide much
more precise information on fetal health, especially
in connection with hypoxia. It would also be highly
beneficial to implement an algorithm for classify-
ing uterine contractions in the future. The algorithm
would be able to identify whether these are Braxton-
Hick’s contractions or truelabor contractions based
on information on frequency, duration, and intensity.
The pregnant woman would then be sure whether
she needs to go to the hospital or can stay at home,
which would allow the mother to spend the maxi-
mum amount of time in her home environment and
the time spent in the hospital with the risk of con-
tracting COVID-19 (or any other viral disease) would
be minimized.
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3 Automated Question-Answering Systems — various
health complications can occur during pregnancy,
which may or may not be serious. Despite the fact
that a large amount of information can be found on
the Internet today, some situations may be specific,
especially during pregnancy, and this information
may not always be easily traceable, which can lead to
stress in pregnant women. In many cases, the lack of
information and stress lead to higher number of in-
person prenatal care visits, which are often unneces-
sary and, in the group of low-risk patients, may lead
to higher rates of pregnancy interventions without
improvement in neonatal outcomes [114]. Several
authors proposed so-called chatbot services for the
use in healthcare [115]. These systems are often based
on Al [116, 117] and unconstrained natural language
input capabilities [118]. The questions that are given
by the user are answered by the system which cre-
ates its responses by querying a structured database
including given information [119]. Among the com-
mon purposes of the conversation agents are data col-
lection, clinical interviews, and clinical decision sup-
port purposes [115]. They have been used in various
healthcare domains, such as mental health [120, 121],
patient monitoring (pain [122], hypertension [123,
124], diabetes [125-127]). Most recently, chatbots
also found the utilization in countering the COVID-
19 pandemic [128-131], namely in disseminating
important health information; self-triage and risk
assessment; monitoring exposure; tracking symptoms
and health outcome; and fighting misinformation and
fake news [132]. In fetal monitoring, the chatbots
could be particularly useful to simulate the health-
care professional in home monitoring between the
prenatal check-ups [133, 134]. If the pregnant woman
does not find an answer using this system, she could
be then asked to contact her physician. Such a system
could help pregnant women deal with health compli-
cations according to professional medical procedures
and recommendations without unnecessary stress to
the patient while decreasing the number of unneces-
sary in-person prenatal care visits, especially in the
low-risk patients, similarly as in [135]. The approach
would be also helpful for proper monitoring in rural
areas facing lack of appropriate alerting mechanism in
case of abnormal gestation evolution [136].

Discussion of possible obstacles

This section summarizes the challenges that should be
addressed in the future and outlines the directions that
the development of the concept of NI-fECG monitor-
ing should take. Algorithms based on AI should be
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implemented to fulfill the other pillars of Healthcare 4.0.
The use of methods based on Al could be beneficial, for
example, in the optimization of extraction algorithms
or the classification of extracted signals, and thereby the
state of the fetus’s health. However, an emphasis should
be placed on the accuracy and the interpretation of the
results to avoid false alarms which could only cause stress
to the pregnant woman.

Moreover, as measured maternal and fetal data is highly
sensitive private information, emphasis must be placed
on its effective and safe management. In general, cloud
storage is considered highly secure, but centralized stor-
age. From an EMR management perspective, this can be
a significant problem, as there may be situations where a
system based on one centralized server becomes unavail-
able (for example, in case of cyberattacks on hospitals,
the number of which is has recently increased [137]) and
patient information does not reach the doctor in time. A
situation could also arise where the data is modified or
deleted altogether. The solution to these limitations could
be the implementation of blockchain technology.

Conclusion

The concept of Fetal Monitoring 4.0 for remote moni-
toring of fetal health from the comfort of home is a
very promising tool for reducing the risk of contract-
ing COVID-19 or other infectious diseases by pregnant
women. The device is based on NI-fECG technology,
which, unlike conventionally used CTG, does not emit
ultrasound radiation and can be used for continuous
measurements during pregnancy and labor. In addition,
it is possible to obtain more accurate information about
the health of the fetus from NI-fECG than in the case of
CTG, and it is also possible to measure fECG in women
with a higher BMI. The device enables the measurement
of an aECG signal from the mother’s abdomen using an
adjustable wearable belt with incorporated electrodes, the
extraction of fECG and classification of the health of the
fetus. This data can be viewed using a user-friendly mobile
application, shared with a doctor and stored in cloud
storage. To make this device even more reliable, future
research should focus on incorporating other pillars of
Healthcare 4.0 such as the implementation of artificial
intelligence to optimize the extraction algorithm, for more
comprehensive automated classification of fetal health, or
automated question-answering systems. This monitoring
method should be combined with other non-invasive fetal
monitoring methods, such as fPCG, to provide more pre-
cise health information and to overcome the limitations
of NI-fECG. To increase security in the management and
storage of sensitive data on the health of the mother and
fetus, technology based on decentralized blockchain tech-
nology should be incorporated in the future.
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ACC accuracy

ANFIS adaptive neuro-fuzzy inference system

Al artificial intelligence

BMI body mass index

(@€ cardiotocography

DE differential evolution

RLS recursive least squares

EHG electrohysterogram

EMR electronic medical records

EMD empirical mode decomposition

FTF fast transversal filter

fECHO fetal echocardiography

fECG fetal electrocardiography

fHR fetal heart rate

fHS fetal heart sounds

FIGO International Federation of Gynecology and Obstetrics
fMCG fetal magnetocardiography

fPCG fetal phonocardiography

FDA food and drug administration

ICA independent component analysis

ICU intensive care unit

loMT internet of medical things

NI-fECG  invasive fetal electrocardiography

mECG maternal electrocardiographic signal

mHR maternal heart rate

MFO moth flame optimization

NI-fECG non-invasive fetal electrocardiography

PSO particle swarm optimization

PCA principal component analysis

SARS-CoV-2  severe acute respiratory syndrome coronavirus 2
SQUID superconducting quantum interference device
WHO World Health Organization
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