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Introduction: Machine learning (ML) corresponds to a wide variety of methods
that use mathematics, statistics and computational science to learn from
multiple variables simultaneously. By means of pattern recognition, ML
methods are able to find hidden correlations and accomplish accurate
predictions regarding different conditions. ML has been successfully used to
solve varied problems in different areas of science, such as psychology,
economics, biology and chemistry. Therefore, we wondered how far it has
penetrated into the field of obstetrics and gynecology.

Aim: To describe the state of art regarding the use of ML in the context of
pregnancy diseases and complications.

Methodology: Publications were searched in PubMed, Web of Science and
Google Scholar. Seven subjects of interest were considered: gestational
diabetes mellitus, preeclampsia, perinatal death, spontaneous abortion,
preterm birth, cesarean section, and fetal malformations.

Current state: ML has been widely applied in all the included subjects. Its uses are
varied, the most common being the prediction of perinatal disorders. Other ML
applications include (but are not restricted to) biomarker discovery, risk estimation,
correlation assessment, pharmacological treatment prediction, drug screening,
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data acquisition and data extraction. Most of the reviewed articles were published
in the last five years. The most employed ML methods in the field are non-linear.
Except for logistic regression, linear methods are rarely used.

Future challenges: To improve data recording, storage and update in medical
and research settings from different realities. To develop more accurate and
understandable ML models using data from cutting-edge instruments. To carry
out validation and impact analysis studies of currently existing high-accuracy
ML models.

Conclusion: The use of ML in pregnancy diseases and complications is quite
recent, and has increased over the last few years. The applications are varied and
point not only to the diagnosis, but also to the management, treatment, and
pathophysiological understanding of perinatal alterations. Facing the challenges
that come with working with different types of data, the handling of increasingly
large amounts of information, the development of emerging technologies, and
the need of translational studies, it is expected that the use of ML continue

growing in the field of obstetrics and gynecology.

KEYWORDS

machine learning, artificial intelligence, pregnancy diseases, pregnancy complications,
adverse perinatal outcomes

1 Introduction

Pregnancy is a physiological process that provides all conditions
for normal fetus growth and subsequent birth. Due to certain
circumstances, a seemingly normal pregnant woman starts with
physiological disorders that can trigger pregnancy diseases (e.g.
gestational diabetes mellitus and preeclampsia) or other perinatal
complications (e.g. stillbirth, cesarian section, macrosomia and
respiratory distress). The search for new strategies for early
diagnosis, screening and risk determination could reduce the severity
of these alterations and also the negative impact in both mother’s and
oftspring’s health. Interestingly, in recent years, machine learning (ML)
has been used to find solutions for these problems.

ML corresponds to a wide variety of methods that use
mathematics, statistics and computational science to learn from
multivariate data. By means of pattern recognition performed on
various measured variables, different algorithms are able to find
correlations, often hidden to the human eye, and perform accurate
predictions about different conditions, such as the belonging of an
individual to a certain group or class, or the concentration of a
particular biomarker in a sample of interest.

Multivariate methods (i.e. those employed to analyze the
behavior of multiple variables simultaneously) have been used for
several decades to solve problems in different areas of knowledge,
such as psychology, economics, biology, chemistry, etc. However, in
the clinical field these tools have begun to penetrate only recently.
Remarkably, the use of these tools has received different names
throughout history depending on the area of application, i.e.
psychometrics in psychology, biometrics in biology, chemometrics
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in chemistry, etc. In the last years it has become popular to address to
these methods as artificial intelligence, ML, data mining, or in a more
general sense, data science. The boundaries between the scopes of
these different terms are still a subject of debate, and several different
opinions and definitions can be found in specialized literature (1, 2).
However, unconcerned of this debate, it seems that ML has been the
preferred name used in healthcare-related studies, therefore that will
be the term used in this manuscript.

One of the most common applications of ML in biomedicine is
the detection or prediction of particular pathological conditions (3).
It seems logical that in pregnancy the focus has also been in
diagnostics (4, 5). However, as it has been evidenced in different
disciplines, ML can also be used for other purposes, such as
identification of important variables in a system or process,
correlation analysis, data management and extraction, noise
removal, dimensionality reduction, among others (6, 7). Given
the success ML has had in other areas of science, we wondered
how far it has penetrated into the field of obstetrics and gynecology.
In this review we propose to describe the state of art regarding the
use of ML in the context of pregnancy diseases and complications,
including its capability for early diagnosis, screening and risk
determination, and also other applications of this versatile tool.

2 Methodology
2.1 Type of study and search strategy

This is a narrative review. Publications regarding the use of ML
in maternal and fetal health were searched in different databases,
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including PubMed, Web of Science and Google Scholar. Seven
subjects of interest were considered as representative conditions of
the vast domain of obstetrics and gynecology, due to their
prevalence and clinical relevance (8): gestational diabetes mellitus,
preeclampsia, perinatal death, spontaneous abortion, preterm birth,
cesarean section, and fetal malformations.

2.2 Information synthesis

The papers main results were summarized in tables, comprising
input, ML technique and output. Tables should be understood as
follows: each table is associated with a specific pregnancy disease or
complication, as stated on the table’s title. For every table, each row
refers to a particular study. For each reference (first column), the
input, the ML technique and the output (third, fourth and fifth
columns, respectively) are directly linked to the ML application
(second column) of that study. Most of the tabulated information is
written and further extended in the text related to each table.

2.3 Manuscript organization

This manuscript is organized as follows: section 3 gives a
general overview on ML-related definitions and concepts, section
4 describes different ML applications in the context of pregnancy
diseases and complications, addressed from the highest to the
lowest prevalence, section 5 discusses the current state and future
challenges in the field, and section 6 rounds off with a
brief conclusion.

3 ML: definitions and concepts

ML models can have varied purposes. The most typical one is
early detection, but they can also be used for alternative screening,
risk estimation, correlation assessment, biomarker discovery,
among other possible applications.

In very simple terms, the development of a ML model requires
three main parts: the input, the ML technique and the output.

The input is the data that is used to build the ML model. It
consists of samples (usually in the biomedical field, the subjects)
and variables, which can be very diverse. There is discrete data, e.g.
the information retrieved from questionaries; the clinical and
biochemical data found in physical and electronic health records
(EHR); and the metabolites, peptides/proteins, transcripts or genes
identified as relevant in omics studies. Likewise, there is continuous
data, e.g. the traces obtained by Doppler ultrasonography,
electrohysterography (EHG) or cardiotocography (CTG); and the
images recorded by ultrasonography, computed tomography (CT)
or echocardiography. The type of data determines what kind of
pretreatment has to be performed prior to ML analysis, an aspect
that is described in detail elsewhere (9, 10).

The selection of the ML technique depends on the purpose of
the study. Non-supervised techniques are used to explore the data,
i.e. to assess if there is any spontaneous clustering or correlation
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between samples and/or variables. Typical examples of non-
supervised techniques are principal component analysis (PCA)
and K-means. In contrast, supervised techniques are used to
predict a property. In the ML field, the word “prediction” refers
to the forecast of future behaviors or unobserved outcomes (11). In
particular, classification ML techniques allow to predict a class or
category, e.g. healthy or diseased; whereas regression ML techniques
allow to predict a continuous quantity, e.g. the concentration of a
specific biomarker. Moreover, supervised techniques can be linear
or non-linear, depending on the nature of the mathematical
function that underlies the classification or regression task. The
most common linear classifiers are logistic regression (LR) and
linear discriminant analysis (LDA), while some examples of linear
regression techniques are linear regression and partial least squares
(PLS). On the other hand, random forest (RF), support vector
machines (SVM) and neural networks (NN) are classical examples
of non-linear ML techniques that allow to perform both
classification and regression analyses.

The output is the result of having applied the ML model. The
most common outputs are those that account for the model
predictive performance. In classification, the performance is
typically expressed using parameters such as sensitivity,
specificity, accuracy and area under the receiver operating
characteristic curve (AUC). In regression, other parameters,
such as mean absolute error and root mean squared error
(RMSE), are used. These and other performance metrics are
well described in literature (12, 13). It is important to mention
that the aforementioned metrics can be calculated in different
stages of the model’s development: training, internal validation
and external validation. The ideal situation is that the model is
tested in all the three stages, to ensure it will be accurate and
useful in different populations. This idea has been discussed in
greater depth by other authors (14, 15). Another very common
output is variable importance. This information allows to identify
the variables that contribute the most to predict the property
under study, which is useful to identify new biomarkers for a
certain condition. There are other possible outputs, depending on
the ML application. They are addressed and discussed throughout
section 4.

4 ML in pregnancy diseases and
complications: applications

4.1 Pregnancy diseases

4.1.1 Gestational diabetes mellitus

The American Diabetes Association defines gestational diabetes
mellitus (GDM) as a “diabetes diagnosed in the second or third
trimester of pregnancy that was not clearly overt diabetes prior to
gestation” (16). This disease has been related to several negative
outcomes on maternal and fetal health. In the short-term, it
increases the risk of pre-eclampsia, preterm delivery, macrosomia
and clinical neonatal hypoglycemia; and in the long-term, of
maternal prediabetes, maternal diabetes, offspring obesity and
offspring impaired fasting glucose (17).
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ML has been applied in GDM research, for diverse

purposes (Table 1).

4.1.1.1 ML for GDM prediction
Numerous studies that have applied ML in the context of GDM,

have used it to predict this disease at early stages of pregnancy (32).

Some of them have based their predictive models on a small number

of variables. For example, Xiong et al. assessed hepatic, renal and

coagulation function biochemical data to predict GDM at 10-19

gestational weeks (18). Univariate analysis showed that coagulation

parameters differed between GDM and control women, so they

combined two of them, patient prothrombin time and reference

activated partial thromboplastin time, to build different ML
predictive models. They achieved AUCs of 99.83% and 99.74% by
light gradient boosting and SVM, respectively. Likewise, Zheng et al.

used known GDM clinical and biochemical risk factors to predict it

at 8-20 gestational weeks (19). By Bayesian adaptive sampling, they

selected four maternal variables, maternal age, pre-pregnancy body

mass index (BMI), fasting plasma glucose and triglycerides, and

then used them to generate a multivariate Bayesian logistic

regression model. They got an AUC of 0.766. In contrast, some

articles have based their predictive models on a large number of

TABLE 1 ML applications in GDM research.

10.3389/fendo.2023.1130139

variables. For instance, Wu et al. assessed 73 maternal clinical and
biochemical variables and different ML techniques for GDM
prediction before 12 gestational weeks (20). Their deep neural
networks (DNN) model achieved an AUC of 0.80. Furthermore,
they built a simpler model in order to facilitate clinical application.
By using seven sequential feature selection chosen variables and LR
they got an AUC of 0.77. Similarly, Artzi et al. used 2355 variables
from EHR and gradient boosting (GB) to predict GDM before 20
gestational weeks, and obtained an AUC of 0.85 (21). They also
built a simpler model to ease clinical implementation. Their nine
questions based model yielded an AUC of 0.80. Interestingly, both
the full and the simplified models outperformed a baseline score,
which involved seven GDM known risk factors and got an AUC
of 0.68.

It is worth mentioning that some papers that have sought GDM
prediction, have also revealed GDM novel risk factors. That is the
case of Artzi et al. study, in which the most important predictor of
their full model was the prior pregnancy glucose challenge test
result, a previously unreported risk factor for GDM (21). Likewise,
Balani et al. used clinical data and different ML techniques to
predict GDM in obese pregnant women at 14-17 gestational weeks
(22). Their RF model achieved an accuracy of 77.53%, and showed

Reference ML application Input ML technique Main output
(18) Disease prediction Biochemical Light GB AUC = 99.83%, Se = 92.5% and Sp = 99.2%
markers
(19) Disease prediction Clinical and Bayesian LR AUC = 0.766, Ac = 0.64, Se = 0.66 and Sp = 0.75
biochemical factors
(20) Disease prediction Electronic health DNN AUC = 0.80, Se = 63%, Sp = 82% and YI = 0.45
records
(21) Disease prediction Electronic health GB AUC = 0.850 and AUPR = 0.324
records
(22) Disease prediction Clinical parameters RF Ac =77.53%
(23) Disease prediction, Clinical and PLS RMSE = 23.1, RE = 20.7% and r = 0.259 for post load glycemia prediction
independent of diagnostic biochemical factors
criteria
(24) Biomarker discovery Metabolomics data OPLS-DA Formic acid, dimethylamine and galactose as novel biomarkers
(25) Biomarker discovery Transcriptomics LR miR-223 and miR-23a as novel biomarkers
data
(26) Biomarker discovery Genomics data LR CC2D2B, NAT10, SIPA1, ZNF565, ZNF552, WDR35, MICALLI1,
CTNNBI, CLOCK, BCKDHB and TGIF2LY as novel biomarkers
(27) Biomarker discovery Epigenomics data LR cgl11169102, cg21179618 and cg21620107 as novel biomarkers
(28) Risk estimation Physical activity SL-EL 2.1 fewer cases of GDM per 100 women for moderate to vigorous
questionnaire data intensity exercise
(29) Disease screening Spectrochemical LDA Ac = 100%, Se = 100% and Sp = 100%
data
(30) Correlation assessment Clinical and PCA Strong correlation between maternal thyroid profile and GDM
biochemical factors
(31) Pharmacological treatment Mobile real-time LR AUC=0.8

prediction

collected data

ML, machine learning; GDM, gestational diabetes mellitus; GB, gradient boosting; LR, logistic regression; DNN, deep neural networks; RF, random forest; PLS, partial least squares; OPLS-DA,
orthogonal PLS discriminant analysis; SL-EL, SuperLearner with extra learners; LDA, linear discriminant analysis; PCA, principal component analysis; AUC, area under the receiver operating
characteristic curve; Se, sensitivity; Sp, specificity; Ac, accuracy; YI, Youden index; AUPR, area under the precision-recall curve; RMSE, root mean squared error; RE, relative error.

Frontiers in Endocrinology

04

frontiersin.org


https://doi.org/10.3389/fendo.2023.1130139
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Mennickent et al.

that the most relevant predictor was visceral fat mass, a previously
unknown risk factor for GDM.

In addition, it is interesting to notice that all the aforementioned
studies reported models that allow to predict GDM, but that are
restricted to do so under a particular diagnostic criteria. Recently,
Mennickent et al. reported a novel strategy that overcomes that
limitation (23). The authors used first trimester clinical and
biochemical data and PLS to predict the very post load glycemia
value that pregnant women would have at 24-28 gestational weeks.
Since the predicted value can be interpreted as control or GDM with
any diagnostic criteria, the prediction of GDM is no longer
restricted to a particular criteria. Their best model allowed to
predict the second trimester post load glycemia with a RMSE of
23.1 and a relative error of 20.7% in cross-validation analyses.

4.1.1.2 ML for GDM biomarker discovery

Several studies have applied ML to search new biological
markers for GDM. This has been typically done by means of
omics techniques. For example, Scott et al. used "H-NMR
metabolomics and 14-27 gestational weeks urine samples to find
novel biomarkers for GDM (24). Their statistically significant
metabolites, identified through variable importance analysis based
on random variable combination, were tested for classification by
orthogonal partial least squares discriminant analysis, and achieved
an AUC of 0.803. The top three metabolic markers for that model
were formic acid, dimethylamine and galactose, which were
downregulated in GDM. Similarly, Yoffe et al. applied a targeted
transcriptomics approach and 9-11 gestational weeks plasma
samples to identify miRNAs that could serve as early biomarkers
for GDM (25). Based on multiplex expression assays and RT-qPCR
data and DESeq2 analyses, they found two differentially expressed
miRNAs, miR-223 and miR-23a, which were upregulated in GDM.
These miRNA markers were combined and assessed for
classification by LR, and reached an AUC of 0.91. Another case is
the study of Guo et al., who used a genomics strategy and 18 or less
gestational weeks plasma samples to find cfDNA biosignatures that
could be useful for GDM detection at early stages of pregnancy (26).
Based on whole-genome sequencing and qPCR promoter profiling
data, they identified 800 differentially expressed genes between
GDM and control women. Eleven of those genes, CC2D2B,
NAT10, SIPA1, ZNF565, ZNF552, WDR35, MICALL1, CTNNBI,
CLOCK, BCKDHB and TGIF2LY, were selected by a step-wise
feature selection method, and then combined and tested for
classification by LR. The eleven marker based model yielded an
overall accuracy of 72.1%. Likewise, Liu et al. applied an
epigenomics approach to identify CpG markers for GDM (27).
They used DNA methylation data from two previous studies, in
which placenta samples from GDM and control mothers, and blood
samples from children born in GDM and control pregnancies were
analyzed. By an overlapped CpGassoc epigenome-wide association
study they identified nine differentially methylated CpGs between
GDM and control subjects. The LR model built with five of them
revealed that the most important CpGs for GDM and control
samples differentiation were cgl11169102, ¢g21179618 and
cg21620107. The combination of those three biomarkers was
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assessed for classification by the same ML technique, and
achieved an AUC of 0.8519.

4.1.1.3 Other ML applications in GDM research

Some GDM studies have used ML for other purposes, such as
risk estimation, screening, correlation assessment and management.
For instance, Ehrlich et al. aimed to evaluate the effect of exercise
during the first trimester of pregnancy on the risk of GDM (28).
Data from a pregnancy physical activity questionnaire, effected at
10-13 gestational weeks, were analyzed by different ML techniques.
Their targeted maximum likelihood estimation (TMLE) and
SuperLearner (SL) method with extra learners model showed that
meeting or exceeding the cohort’s 75th percentile of moderate to
vigorous intensity exercise reduced the risk of GDM by 2.1 fewer
cases per 100 women. Another example is Bernardes-Oliveira et al.
study. They intended to develop a fast and low-cost screening tool
for GDM, using 9-39 gestational weeks plasma samples, attenuated
total reflection Fourier-transform infrared spectroscopy and ML
techniques (29). Their genetic algorithm with LDA model, which
comprised ten wavenumbers mainly from lipids and proteins
spectral regions, achieved an accuracy of 100%. A different case is
the study of Araya et al., who meant to determine whether there was
a correlation between the maternal thyroid profile and GDM (30).
Using clinical and biochemical data registered at 10-14 and 24-28
gestational weeks, and PCA, they demonstrated that maternal
thyroid-related hormones from the first and the second trimesters
of pregnancy were strongly correlated with GDM. Finally, Velardo
et al. aimed to develop a ML tool capable to improve the timeliness
of GDM management (31). They used mobile health real-time
collected data and different ML techniques to automatically evaluate
the switch from diet-based management to pharmacological
treatment. Data included blood glucose levels measured at
different time points, maternal age, BMI and other GDM clinical
risk factors. Their lasso feature selection LR model allowed to
predict the timing of initiation of pharmacotherapy with an AUC
of 0.8.

4.1.2 Preeclampsia

Preeclampsia (PE) is a pregnancy syndrome that presents two
different clinical scenarios, both characterized by the development
of maternal hypertension from the 20th week of gestation, an
alteration that persists throughout pregnancy. The first of the
scenarios is characterized by a moderate form of PE, which
symptoms become evident late, from 34 weeks of gestation. It is
characterized by blood pressure >140/90 mmHg, and other
symptoms that indicate liver or renal damage, thrombocytopenia
or proteinuria >3g/24h, and by not inducing alterations on fetal
growth. The second of the scenarios correspond to a severe form of
PE, which symptoms become evident before 34 weeks of gestation.
It is characterized by blood pressure 2160/110 mmHg,
multisystemic damage and/or proteinuria >5g/24h, and for being
generally associated with intrauterine growth retardation (IUGR)
(33). These conditions can also lead to more serious situations than
PE alone, such as HELLP syndrome and eclampsia, which is a
severe form of PE accompanied by seizures (34). Severe forms of PE
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are associated with at least two times the risk of IUGR, and fetal and
neonatal death (35). The origin of PE is still unknown, however, the
most accepted hypothesis indicates that the placenta does not form
properly. The latter would not allow a correct flow of maternal
blood towards the placenta, triggering a compensatory response
that would increase blood pressure to meet the metabolic
requirements of the fetus in gestation. This process would begin
during the first trimester of pregnancy, producing serious effects on
the mother, and affecting the fetus during the second and third
trimesters of pregnancy (36). Thus, the early detection of PE, i.e.
before the appearance of adverse symptoms in the mother,
is necessary.

The early detection of PE has been assessed through the
determination of the levels of human chorionic gonadotropin

TABLE 2 ML applications in PE research.

10.3389/fendo.2023.1130139

(37), anti-Miillerian hormone (38), sFlt-1 (39), the soluble form
of Endoglin (40), among others, with sensitivities between 20 and
80%, and specificities between 40 and 90%. Interestingly, algorithms
mediated by ML have been proposed as new strategies to predict
this pathology earlier (Table 2). Various ML models have been
developed for PE prediction using different types of variables, such
as metabolites (41), proteins (42), plasma DNA (26) and circular
RNA (43), but by far the most common approaches are based on
maternal medical data (44-51).

Some ML-based studies have aimed to predict PE before 20
weeks of pregnancy. For example, Maric et al. used clinical and
biochemical maternal data and different ML techniques to predict
this pregnancy complication before 16 gestational weeks. Their
elastic net (EN) model achieved an AUC of 0.79 for all cases of PE,

Reference ML ML technique Main output
application

(41) Disease Metabolomics data LR AUC = 0.868, Se = 75.1% and Sp = 83.0%
prediction

(42) Disease Proteomics data LDA AUC = 0.96, Se = 0.90 and Sp = 0.90 for early-onset cases with maternal vascular
prediction malperfusion

(26) Disease Genomics data LR AUC = 0.825, Ac = 83.0%, Se = 81.7% and Sp = 83.3%
prediction

(43) Disease Transcriptomics data and LR AUC = 0.940, Se = 86.67% and Sp = 96.67%
prediction biochemical markers

(44) Disease Biochemical markers BPNN Ac =79.8%
prediction

(45) Disease Electronic health records Stochastic GB AUC = 0.924, Ac = 0.973, Se = 0.603, Sp = 0.991 and DR = 0.771 for late-onset
prediction cases

(46) Disease Electronic health records EN AUC = 0.89, Se = 72.3% and Sp = 91.2% for early-onset cases
prediction

(47) Disease Clinical and biochemical LR AUC = 0.962, Se = 79.3%, Sp = 97.7%, PPV = 92% and NPV = 93.4%
prediction factors

(48) Disease Clinical and biochemical LR AUC = 0.68, Se = 30.6% and Sp = 90% for early-onset cases
prediction factors

(49) Disease Clinical and biochemical RF AUC = 0.976, AUPR = 0.958, Ac = 92.6%, Se = 91% and Sp = 93% for placental
prediction factors dysfunction-related disorders

(50) Disease Clinical parameters RF AUC = 0.90, Se = 0.70, Sp = 0.89 and Pr = 0.88
prediction

(51) Disease Ultrasound images CNN Se = 70.6% and Sp = 76.6% for hypertension disorders of pregnancy
prediction

(52) Biomarker Genomics data SVM IL7R, IL18, CCL2, HLA-DRA, CD247, ITK, CD2, IRF8, CD48, GZMK, CCR?7,
discovery HLA-DPAL, LEP, IL1B, CD8A, CD3D and GZMA as novel biomarkers

(53) Biomarker Transcriptomics data C4.5, AB and HTRA4, PROCR, MYCN, ERO1A, EAFI, PPP1R16B, CRH, FLNB, PIK3CB,
discovery MLP PLAAT3, FBN2, RFLNB, and TKT as novel biomarkers

(54) Risk Food frequency SL 3.2 and 4.0 fewer cases of PE per 100 births for high density fruit and vegetable
estimation questionnaire data intake

(55) Drug Drug databases TPOTC Estradiol, estriol, vitamins E and D, lynestrenol, mifrepristone, simvastatin,
screening information ambroxol, and some antibiotics and antiparasitics as potential drugs for PE

ML, machine learning; PE, preeclampsia; LR, logistic regression; LDA, linear discriminant analysis; BPNN, back-propagation neural networks; GB, gradient boosting; EN, elastic net; RF, random
forest; CNN, convolutional neural networks; SVM, support vector machines; AB, adaptative boosting; MLP, multilayer perceptron; SL, SuperLearner; TPOTC, tree-based pipeline optimization
tool classifier; AUC, area under the receiver operating characteristic curve; Se, sensitivity; Sp, specificity; Ac, accuracy; DR, detection rate; PPV, positive predictive value; NPV, negative predictive

value; AUPR, area under the precision-recall curve; Pr, precision.
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and an AUC of 0.89 for early-onset PE, showing that ML
approaches can become a powerful early prediction tool for this
obstetric disorder (46). Sandstrom et al. also used clinical and
biochemical maternal variables and different ML techniques to
predict PE, but before 15 weeks of gestation. Their LR model with
12 pre-specified variables yielded AUCs of 0.68, 0.68 and 0.67 for
PE with delivery <34, <37 and 237 weeks of pregnancy, respectively
(48). A different example is the study of Gupta et al., who aimed to
predict hypertensive disorders of pregnancy, including PE, with
placenta ultrasound images from the first trimester of gestation. The
analysis of abnormal placental image texture with deep
convolutional neural networks (CNN) achieved a sensitivity of
70.6% and a specificity of 76.6% (51). In contrast to the
aforementioned articles, other ML-based studies have intended to
predict PE from 20 weeks of gestation onwards. For instance, Han
et al. measured 25 parameters of maternal clinical chemistry before
PE clinical diagnosis, and combined them to predict this pregnancy
disorder. Their back-propagation neural networks (BPNN) model,
which strongest predictors were ALB, MPV, BUN, LDH and TG,
displayed an accuracy of 79.8% (44). Likewise, Jhee et al. retrieved
maternal data (collected between 14 and 34 weeks of pregnancy)
from EHR and tested them to predict late-onset PE. Their ML
models, based on decision trees (DT), naive Bayes (NB), SVM, RF,
stochastic GB, and LR reached AUCs of 0.857, 0.776, 0.573, 0.894,
0.924 and 0.806, respectively (45).

Other PE-related studies have applied ML in additional
contexts, such as biomarker identification, risk estimation and
drug screening. For example, Liu et al. analyzed microarray data
to identify hub genes as diagnostic biomarkers of PE. Their
bioinformatics approach revealed 17 differentially expressed hub
genes between PE and control subjects: IL7R, IL18, CCL2, HLA-
DRA, CD247, ITK, CD2, IRF8, CD48, GZMK, CCR7, HLA-DPA1,
LEP, IL1B, CD8A, CD3D and GZMA. Those hub genes were
combined and assessed for classification by SVM. Their model
reached an AUC of 0.958 in the training set, and an AUC of 0.834 in
the test set (52). Similarly, Guo et al. screened placental mRNA data
to identify PE biomarkers. Their ML-based approach allowed them
to select a subset of 13 mRNA features: HTRA4, PROCR, MYCN,
ERO1A, EAFI1, PPP1R16B, CRH, FLNB, PIK3CB, PLAAT3, FBN2,
RFLNB, and TKT, which were combined and tested for PE and
control subjects classification by ML. Their model, which fused
three ML classifiers, C4.5, AdaBoost and multilayer perceptron,
yielded an accuracy of 82.2% (53). A different case is the study of
Bodnar et al., who aimed to assess the effect of fruit and vegetable
intake and dietary synergy on the risk of various adverse pregnancy
outcomes. Their SL with TMLE ML model revealed that high fruit
and vegetable densities were associated with 3.2 and 4.0 fewer cases
of PE per 100 births, respectively (54). A final example is the article
of Tejera et al., who developed a ML-based strategy to identify
currently existing drugs that could be repurposed for PE
management. Their approach was built on pharmacological
targets of drugs under clinical trial for PE, and was designed to
exclude those that have shown negative effects in pregnancy. Their
ML-based virtual screening identified estradiol, estriol, vitamins E
and D, lynestrenol, mifrepristone, simvastatin, ambroxol, and some
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antibiotics and antiparasitics as potential drugs for PE
treatment (55).

4.2 Pregnancy complications

4.2.1 Perinatal death

The World Health Organization (WHO) defines perinatal
deaths as those that occur from late stillbirth, i.e. after 28 weeks
of gestation, up to 28 days of extra-uterine life, including late
neonatal deaths (56). Worldwide, more than 5 million perinatal
deaths happen every year (57). Progress in reducing the high
numbers of stillbirths and neonatal deaths has been slow. Even
though the rate of perinatal deaths has been lowered in developed
countries, its reduction in low- and middle-income countries has
been insufficient. Indeed, low- and middle-income countries
present the highest rates and the slowest reduction (58, 59). The
Sustainable Development Goals set by the United Nations General
Assembly include to put an end to the avoidable deaths of newborns
by 2030 (60), however, during 2019 there were approximately 7000
newborns deaths each day (61). These numbers highlight the
necessity to implement new methods and techniques to identify
high-risk pregnancies, early enough to be able to provide them
personalized attention so as to improve prevention, or reduce risk
and perinatal death.

4.2.1.1 Stillbirth

Studies to predict pregnancies with high risk of perinatal death
have been difficult due to small sample size (62). This, along with
the difficulty posed by a relatively high percentage of missing data,
forces researchers to look for strategies to impute missing data or
lose variables to avoid biased results (63). Routinely collected
perinatal records have a great potential to improve the risk
assessment of perinatal death, by providing massive databases
that are available for researchers to develop and test ML-based
models (Table 3). These records are commonly composed of
maternal demographic and medical history information, which
can be used as predictors. The high amount of data available in
these records also allows to have appropriate validation sets to
assess the quality of the prediction. Koivu et al. used publicly
available data obtained from the US Centers for Disease Control
and Prevention, to build ML-based risk prediction models for early
stillbirth, late stillbirth and preterm birth (PTB) pregnancies (64).
Using only maternal demographic and medical history data
(pregnancy and sexual transmitted diseases) from almost 16
million pregnancies, of which 92,753 were infant deaths, they
achieved AUCs of 0.76 for early stillbirth, 0.63 for late stillbirth
and 0.64 for PTB. Those results were obtained using an algorithm
based on self-normalizing neural networks. An important highlight
of this study is that model validation was performed using an
external set from a different population, which is the strictest and
most reliable type of validation, often resulting in lower
performances compared to other more permissive validation
methods (such as resampling methods), which are prone
to overfitting.
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TABLE 3 ML applications in perinatal death research.

Reference ML Input ML technique Main output

application

(62) Complication Clinical Extreme GB AUC = 0.842, Ac = 94.71%, Se = 45.3%, Sp = 95%, PPV = 4.81%, NPV = 99.68%, +LR =
prediction parameters 9.03 and -LR = 0.58 for stillbirth

(63) Complication Clinical LR AUC = 0.82 for stillbirth
prediction parameters

(64) Complication Clinical SNNN AUC = 0.76, Se = 38% and Sp = 90% for early stillbirth
prediction parameters

(65) Complication Clinical LR AUC = 0.872 for neonatal death
prediction parameters

(66) Complication Clinical RF AUC =0.79, Ac = 0.87, Se = 0.54, Sp = 0.88, PPV = 0.15 and NPV = 0.98
prediction parameters

(67) Complication Clinical DT, GB, LR, RF AUC = 90.00%, Ac = 90.56%, Se = 91.37%, Sp = 88.10%, Pr = 88.02% and F1 = 90.58% for
prediction parameters and SVM stillbirth before delivery and during labor

(68) Complication Clinical MLP AUC = 95.99%, Ac = 96.79%, Se = 86.20%, Sp = 98.37%, RMSE = 0.1702 and RRSE =
prediction parameters 47.47% for neonatal death

(69) Complication Clinical SL AUC = 0.89 and U = -0.0003 for neonatal death
prediction parameters

(70) Complication Clinical RF AUC = 0.922, Ac = 0.903, Se = 0.674, Sp = 0.919, PPV = 0.377, F1 = 0.477 and mean
prediction parameters F1 = 0.712 for neonatal death

(71) Complication Clinical ANN AUC = 0.92, Ac = 0.86, Se = 0.86, Sp = 0.83, Pr = 0.96 and F1 = 0.91 for neonatal death
prediction parameters

ML, machine learning; GB, gradient boosting; LR, logistic regression; SNNN, self-normalizing neural networks; RF, random forest; DT, decision tree; SVM, support vector machines; MLP,
multilayer perceptron; SL, SuperLearner; ANN, artificial neural networks; AUC, area under the receiver operating characteristic curve; Ac, accuracy; Se, sensitivity; Sp, specificity; PPV, positive
predictive value; NPV, negative predictive value; +LR, positive likelihood ratio; -LR, negative likelihood ratio; Pr, precision; RMSE, root mean squared error; RRSE, root relative squared error.

Using a similar approach, Malacova et al. developed stillbirth
risk prediction models using different ML algorithms (62). The
study population was a cohort from Western Australia, consisting
in almost 1 million births, of which 5,788 were stillbirths. The
variables used to build the models were a combination of maternal
socio-demographic characteristics, medical history, congenital
anomalies and, more importantly, current pregnancy
complications, which helped to achieve the greatest sensitivity.
Different models were built, since not all subjects had the same
amount of information available. For all models AUC varied from
0.59 to 0.84, which suggests the importance of variable selection to
achieve better performances. The best results were obtained using
XGBoost, resulting in a correct prediction of 45% of all stillbirths.

Shukla et al. also performed ML-based predictive modeling for
perinatal mortality, but in a wider population, a cohort of near half
million pregnancies in low- and middle-income countries located in
South Asia, Africa and Central America (65). They developed
different models using prenatal and post-delivery variables up to
two days after birth, to predict outcomes from intrapartum stillbirth
and neonatal death at different time frames. The variables used
included maternal, socio-demographic, and medical information
along with delivery and neonatal variables (the last two for neonatal
death prediction only). They observed that the prediction of
perinatal deaths using just prenatal and predelivery information
reached AUC values of 0.72 or less, and that the predictive accuracy
of the model improved as more post-delivery variables were
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included. Indeed, their best results were obtained with post-
delivery data, which allowed to predict neonatal deaths with an
AUC value of 0.87 by LR.

Mboya et al. studied a cohort of 42,319 singleton deliveries in
Tanzanian population (66) and build ML models to predict both
stillbirth and neonatal death (defined as death of live births within 7
days of life) using data available in the birth registry, i.e. mainly
sociodemographic characteristics. The best results were achieved
using RF, NB and Boosting with an AUC of 0.79. Khatibi et al., used
a two-step ensemble classifier ML-based method (including DT,
GB, LR, RF and SVM) to predict both stillbirth before delivery and
stillbirth during labor occurred in Iran in a population of almost 1,5
million births (67). They used a combination of maternal socio-
demographic features, labor descriptors, delivery properties and
clinical history of the mother and fetus, and achieved an average
AUC of 0.9. Although this value is much higher than the previously
discussed studies, the aim of the authors was not early prediction,
but to predict stillbirth at labor-delivery instead, therefore they used
variables that are not available in early prediction studies.

A common result in these studies is that gestational age and
fetal height are the two most important features to discriminate
livebirth from stillbirth (65-67). Some authors suggest that risk
prediction models that only use demographic and medical history
could be further improved with the addition of biochemical and/or
biophysical variables, however to the date these approaches are yet
to be explored.
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4.2.1.2 Neonatal death

Regarding neonatal death prediction, a recent work published
in early 2021 made a systematic review on ML models used to
predict neonatal mortality (72). They focused on works with a high
amount of subjects (n>500 individuals) that analyzed both perinatal
and neonatal factors, and excluded studies using exclusively
antenatal factors, and in which neonatal mortality was not the
primary outcome of study. They found eleven publications that met
their criteria, among which the AUC value varied from 0.58 to 0.97.
The most used ML methods were artificial neural networks (ANN),
RF and LR, although the best overall model was obtained using
LDA. Interestingly, from all studies reviewed in that work, only two
conducted an external validation, which ensures a higher reliability.
This fact also stresses the necessity of appropriate analytical
methodologies and validations in future studies to ease their
application by health care providers.

Other research groups, not covered in the aforementioned
systematic review, have reported the prediction of neonatal death
using ML-based models, with relatively high success (AUC of
95.99% for the best results) (68-70). In a different study
conducted in Iran, different ML-based models were built to
predict neonatal deaths in neonatal intensive care units (71). This
work stands out since its models were prospectively applied and
evaluated in a new cohort of neonates. Seventeen variables
considered important in neonatal mortality prediction were used
and different ML methods were tested, such as ANN, DT, SVM,
Bayesian network and ensemble classifier. The highest AUC was
achieved by the RF, SVM and ensemble models with a value of 0.98,
however, when they prospectively applied the models for mortality
prediction in new neonates, the best overall performance was
obtained using ANN, with an AUC of 0.92, whereas the highest
precision and specificity were obtained using DTs (0.97 and
0.87 respectively).

4.2.2 Spontaneous abortion

Spontaneous abortion (SA) is defined as the loss of pregnancy
before the 20th week of gestation (73). It is often referred also as
miscarriage, but according to literature, miscarriage is considered to
occur before the 24th week of gestation (74). Both situations imply a

TABLE 4 ML applications in SA research.

Reference ML ML
technique

application

10.3389/fendo.2023.1130139

common and serious pregnancy complication that has a significant
psychological impact on the mother and the family. For this reason,
and due to its complicated etiology (75), SA has become a hot topic
in scientific research and gynecology.

Recent advances in technology, particularly in the artificial
intelligence field, have allowed the use of the increasing amount
of data that can be obtained in biomedical studies to improve
patients’ outcomes. This is consistent with the notion of precision
medicine, that is, the need of a more personalized medicine to
improve or predict the medical outcome (76), in this case, of a
pregnant woman.

Interestingly, ML has been applied in the context of SA and
miscarriage (Table 4). In 2013, Bottomley at al., developed a score
based on demographic data, symptom variables and ultrasound
data to predict the likelihood of a woman to have a successful
pregnancy by performing a retrospective study (74). The ML
method used was LR. Interestingly, the authors found that the
combination of all the factors was able to provide a more accurate
prediction of pregnancy viability than the obtained by analyzing the
factors in a separated way, with an AUC of 0.924. This score model
worked, but at that time it was not proven if it would be able to
prevent miscarriage and, as the authors pointed out, the
psychological morbidity associated with pregnancy loss should be
integrated to the analyses. A distinct approach was made in 2019
using next generation sequencing to analyze 200 DNA samples of
100 couples presenting recurrent miscarriages (RM) (77). This work
aimed to develop an algorithm based on the genetic analysis of the
HLA protein codifying genes, considering the relationship of the
HLA antigen sharing between couples and SA (81) in the context of
immune interactions as a possible cause of SA and RM. It has been
described that when the mother and the father share HLA antigens,
the mother and the fetus will be homozygous for several of these
loci. This issue alters the mother immunologic protection to the
fetus inducing immunologic rejection and consequently SA (82).
The SVM-based algorithm was able to correctly classify 67% of the
total subjects, with an AUC of 0.71 and a false positive rate of 57%,
which negatively affected the algorithm performance. Interestingly,
this study is one of the first to predict RM probabilities in a case-by
case basis, having a potential use in couple genetic counseling before

Main output

(74) Complication Clinical LR
prediction parameters

(77) Complication Genomics data SVM
prediction

(78) Complication Proteomics data DT
prediction

(79) Complication Clinical RF
prediction parameters

(80) Complication Electronic health sC
prediction records

AUC = 0.924, Se = 0.922, Sp = 0.733, PPV = 84.7% and NPV = 85.4%

AUC = 0.71, Ac = 67%, Se = 86% and Sp = 43%

AUC =1, Ac = 100%, Se = 100%, Sp = 100%, Kappa = 1, PPV =1 and NPV =1 for
recurrent SA with prethrombotic state

AUC = 0.99, Ac = 0.99, Pr = 0.99, Re = 0.99, F1 = 0.99

AUC = 0.909 and Ac = 89.7% for live birth

ML, machine learning; SA, spontaneous abortion; LR, logistic regression; SVM, support vector machines; DT, decision tree; RF, random forest; SC, sparse coding; AUC, area under the receiver
operating characteristic curve; Se, sensitivity; Sp, specificity; PPV, positive predictive value; NPV, negative predictive value; Ac, accuracy; Pr, precision; Re, recall.
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conception. A different example is the study of Wu et al., who aimed
to predict recurrent SA with prethrombotic state (PTS) serum
biomarkers. PTS is known as one of the possible causes of SA.
Wu et al. work was based on the analysis of different PTS-related
proteins using multiplex array technology (78). They were able to
distinguish control and affected individuals with high accuracy and
precision using IL-24, exotoxin-3 and epidermal growth factor.
Indeed, their DT model got an AUC of 1.000. Despite this excellent
result, the cohort used for this study needs to be incremented to
evaluate the real diagnostic power of this promising model.

In vitro fertilization embryo transfer (IVF-ET) is nowadays an
alternative for couples with difficulties to conceive. This procedure
implies high risks of miscarriage, being psychologically stressful for
couples. Therefore, it becomes necessary to find a way or system
that allows the prediction of the transfer outcome, and the early
detection of possible problems (83). Recently, Liu et al. developed a
ML-based model with historic data obtained by transvaginal
ultrasonography from females that underwent IVF-ET. The study
only considered women with viable singleton and 6-12 weeks of
pregnancy (79). The authors were able to predict embryonic
development after transfer using six different ML-classifiers, with
AUC:s ranging from 0.91 to 0.97 when fetal heart rate (FHR) was
included among the predictors. The most accurate prediction was
obtained by RF at the 10th week after embryo transfer, with an AUC
of 0.99. Other example is the article of Huang et al., who used deep
learning to predict pregnancy outcomes in patients with recurrent
reproductive failure (RRF), including recurrent pregnancy loss
(RPL) and recurrent implantation failure (RIF). The study defined
RPL as two or more SA before 20 weeks of pregnancy, and RIF as
couples unable to conceive after multiple IVF-ET cycles. The
authors analyzed EHR data with sparse coding, and predicted
four pregnancy outcomes: biochemical pregnancy, clinical
pregnancy, ongoing pregnancy and live birth. They got testing
accuracies that ranged between 54.2% and 89.7% for the different
pregnancy outcomes. Notably, the best model for the prediction of
biochemical pregnancy was obtained with a panel of 10 endometrial
immunological markers, while the best models for the other three
outcomes, were obtained with a panel of 15 autoantibodies. The
authors discussed that this knowledge could help clinicians to plan a
more personalized diagnosis and treatment for patients with
RRF (80).

4.2.3 Preterm birth

The WHO defines PTB as the delivery of alive babies before
37 weeks of pregnancy are completed (56). Based on gestational
age, it can be sub-categorized as: extremely preterm, before 28
weeks; very preterm, between 28 and 32 weeks; and moderate to
late preterm, between 32 and 37 weeks. Most of preterm
deliveries are spontaneous, although some are provider-
initiated (56).

PTB is the main cause of death in children under 5 years of age
worldwide. Furthermore, it has short and long-term consequences
on newborns’ health, which imply a significant psychological and
economic burden to families and health systems (84). The
development of PTB predictive tests could be useful to identify
high risk pregnancies, which could guide the healthcare personnel
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to offer prophylactic interventions and make antenatal management
decisions (85).

ML has already been applied to develop predictive models for
PTB (Table 5). For instance, Khatibi et al. aimed to predict
spontaneous and provider-initiated PTB with data from the
Iranian Maternal and Neonatal registry, which includes
information of more than 1,400,0000 deliveries and 112 features.
The authors used different big data ML algorithms to classify
pregnant women in two steps. In the first step, all subjects were
classified into term or PTB; and in the second step, the subjects
classified as PTB in the first step, were then sub-classified as
spontaneous or provider-initiated. Their best model, an ensemble
of DT, SVM and RF, achieved a weighted average accuracy of 81%,
and an AUC of 68% (86). Similarly, Belaghi et al. used first and
second trimester information from the Ontario’s Better Outcomes
Registry and Network database, and different ML methods to
predict overall and spontaneous PTB. The investigation
considered 112,963 pregnancies. For overall cases, the best models
were obtained by ANN, and reached AUCs of 60.3% and 79.8% in
the validation cohort at the first and second trimester, respectively.
For spontaneous cases, the best results were obtained by LR, and got
validation AUCs of 59.4% and 64.5% at the first and second
trimester, respectively (87). A different approach was followed by
Gao et al., who used EHR text data and deep learning ML methods
to predict extreme PTB. Their dataset involved 10 years of EHR
information from 25,689 deliveries at the Vanderbilt University
Medical Center. The long short-term memory (LSTM) recurrent
neural networks (RNN) ensemble model allowed to predict extreme
PTB with an AUC of 0.744 in the validation cohort, greater than the
obtained by LR, SVM and GB (88). This is an interesting result,
although this work didn’t differentiate spontaneous from provider-
initiated cases. Likewise, Zhang et al. aimed to predict PTB with
continuous EHR data and LSTM. Their dataset included first and
second trimester medical parameters from more than 25,000
pregnant women who received antenatal care and had vaginal
delivery at the Hangzhou Women’s Hospital. Notably, the time-
series deep learning technique LSTM achieved a better predictive
performance than the traditional cross-sectional ML technique
XGBoost, with cross-validation AUCs of 0.651 and 0.516-0.601,
respectively (89).

All the aforementioned studies based their predictive models on
clinical and biochemical maternal information available in
databases. However, other articles have assessed alternative types
of data to predict PTB. Such studies are very useful to find novel
biomarkers for PTB, and to propose informed hypotheses about its
causes and underlying mechanisms, which are not fully understood
(84, 85). For instance, Aung et al. measured an extensive set of 65
urine and plasma biomarkers, and combined them with ML to
predict PTB at 26 weeks of gestation. They tested three ML
methods: LR, adaptive EN and RF. The best validation results
were obtained with the latter. The combination of all the
biomarkers with RF yielded AUCs of 0.85 and 0.79 for overall
and spontaneous PTB, respectively. Then, the authors divided the
biomarkers into five groups, i.e. DNA damage markers, angiogenic
factors, protein damage markers, inflammatory markers and lipid
damage markers. The best predictive performances were obtained
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TABLE 5 ML applications in PTB research.

10.3389/fendo.2023.1130139

Reference ML ML technique Main output
application

(86) Complication Clinical and DT, SVM and RF | AUC = 68% and Ac = 81% for spontaneous and provider-initiated cases
prediction biochemical factors

(87) Complication Clinical and ANN AUC = 79.8%, Se = 62.7%, Sp = 84.6%, PPV = 23.2% and NPV = 97.0%
prediction biochemical factors

(88) Complication Electronic health LSTM AUC = 0.744, Se = 0.682, Sp = 0.743 and PPV = 0.028 for extreme cases
prediction records

(89) Complication Electronic health LSTM AUC = 0.651, Ac = 0.739, Se = 0.407 and Sp = 0.982
prediction records

(90) Biomarker Biochemical markers RF PGA2, 15D012,14-PGJ2, BCPGE2, 13,14DHK-PGF2a, RVDI1, LTE4, LTB4, linolenic
discovery acid and IL-10 as novel biomarkers

91) Biomarker Metabolomics data RF FA(17:1), FA(24:6), FA(14:2), CAR(18:2), hexanoylcarnitine, FA(14:0(Ke)), FA(26:1),
discovery raffinose, PC(18:0/16:3), FA(16:3), glycocholic acid, PC(33:4), FA(22:5), FA(14:1(Ke)),

heptadecanoic acid, FA(19:1) and FA(14:1) as novel biomarkers

(92) Biomarker Metabolomics, RF IL-6, IL-1RA, G-CSF, RARRES2, CCL3, ANGPTL4, PADI12, TfR, and metabolites from

discovery proteomics and glutamine/glutamate metabolism, and valine/leucine/isoleucine biosynthesis pathways
transcriptomics data as novel biomarkers

(93) Complication Electrohysterography ~ RF AUC = 0.999, Ac = 99.23%, Se = 98.40%, Sp = 99.76% and Pr = 95.86%
prediction recordings

(94) Complication Clinical parameters KNN; RF AUC = 1.00, Ac = 0.95, Se = 0.67, Sp = 1.00, G-means = 0.82 for PTB and the potential
prediction value of performing cervical cerclage to prolong the pregnancy; MAE = 3.521, MSE =

4.560 and R = 0.752 for timing of spontaneous delivery

ML, machine learning; PTB, preterm birth; DT, decision tree; SVM, support vector machines; RF, random forest; ANN, artificial neural networks; LSTM, long short-term memory; KNN, k-nearest neighbors;
AUC, area under the receiver operating characteristic curve; Ac, accuracy; Se, sensitivity; Sp, specificity; PPV, positive predictive value; NPV, negative predictive value; Pr, precision; MAE, mean absolute error;

MSE, mean squared error.

with lipid damage markers and RF, with AUCs of 0.84 and 0.79 for
overall and spontaneous cases, respectively. Furthermore, the study
identified the enzymatic pathway that contributed the most to that
prediction: the eicosanoid lipoxygenase pathway. The combination
of 15 lipoxygenase metabolites with RF got AUCs of 0.83 and 0.82
for overall and spontaneous PTB, respectively (90). Another
example is the study of Chen et al., who applied untargeted LC-
MS plasma metabolomics to identify metabolites that could be
related to PTB, at 24-28 gestational weeks. The authors identified 17
and 16 biomarkers for overall and spontaneous cases, respectively,
and tested their predictive performance with seven ML classifiers.
The best results were obtained by RF, with AUCs of 0.92 and 0.89 in
the testing dataset. Interestingly, most of the identified biomarkers
were fatty acids, which suggests their involvement in the
pathogenesis of PTB (91). Similarly, Jehan et al. performed an
early pregnancy multiomics characterization of PTB. The authors
applied untargeted transcriptomics and targeted proteomics on
plasma samples, and untargeted metabolomics on urine
specimens. They used a 2-step ML algorithm, in which a model
was first trained for each omics dataset, and then combined into a
final model. The integrated model achieved a cross-validation AUC
of 0.83, higher than the obtained for the different omics datasets
alone. The work also identified the features that were more
associated with PTB: a proteomics inflammatory module,
including IL-6, IL-1RA, G-CSF, RARRES2 and CCL3; and an
urine metabolomic module, enriched for glutamine and glutamate
metabolism, and valine, leucine and isoleucine biosynthesis
pathways (92).
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Some less common approaches have also been applied in the
context of PTB prediction. For example, Despotovic et al. tested
EHG recordings to predict PTB. They built ML models using k-
nearest neighbors (KNN), SVM, RF, RF with synthetic minority
oversampling technique (SMOTE), and RF with adaptative
synthetic (ADASYN) sampling. Their RF-ADASYN model
allowed to predict PTB at 22-25 weeks of pregnancy, with an
accuracy of 99.23% and an AUC of 0.999 in cross-validation (93).
A different case is the work of Rawashdeh et al., who combined 19
clinical maternal parameters with ML methods to predict PTB in a
high risk cohort. They developed two different strategies to analyze
their data. The first one aimed to predict whether the pregnancy
would continue beyond 26 gestational weeks (the lower limit for
PTB in this study) and the potential value of performing cervical
cerclage to prolong the pregnancy. For this first aim, the authors
tested four different classification ML methods, DT, RF, KNN and
NN; solo and with SMOTE. The highest testing AUC was obtained
by the KNN-SMOTE model, with a value of 1.000. The second
strategy of the authors aimed to predict the timing of spontaneous
delivery after cervical cerclage, an approach that wasn’t assessed in
any of the previously discussed articles. For this second aim, they
tested five different regression ML methods, linear regression,
Gaussian process, RF, K-star and locally weighted learning. The
best correlation with the actual gestational age at delivery was
obtained by the RF model, with a value of 0.752 in the testing
dataset. Such a regression ML model could help physicians to define
prophylactic interventions timely, and reduce PTB-related perinatal
morbidity and mortality (94).
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4.2.4 Cesarean section

Cesarean section is an effective mean to solve medical and
surgical complications during dystocia and severe pregnancy
disorders, and has an irreplaceable role (95). Delivery through
cesarean section reduces the risk of maternal-fetal morbidity and
mortality, when is medically indicated (96). Emergency cesarean
section (EMCS) can be a procedure that saves lives if pregnant
women experience abnormal conditions during vaginal delivery,
such as fetal suffering, eclampsia or severe preeclampsia (97).
Deciding to perform an EMCS is a complicated process,
occurring only in specific obstetric conditions, and requires
awareness and rapid assessment of the risk of the situation (98).
Failure to perform EMCS on time can lead to postpartum mental
disorders and other severe adverse maternal and fetal outcomes (99,
100). Recognizing an acute situation during pregnancy, labor or
delivery, that can be life threatening and that could require an
EMCS, is considered one of the most challenging tasks in
obstetrics (101).

Visual inspection of CTG traces by obstetricians and midwives
is the gold standard for monitoring the wellbeing of the fetus during
antenatal care (102). One of the areas in which mathematical and
computational tools for data analysis, such as ML methods, excel is
in the analysis of instrumental continuous signals (Table 6). Several
output data from instruments used in clinical diagnosis or
monitoring are composed of this type of signals, in which
between any two points there can be a large amount of data
points, as large as allowed by the signal resolution, or even an
infinite amount in the case of analog instruments. CTG traces are a
great example of this type of data in obstetrics. The problem with
this type of data is that its visual interpretation is highly dependent
on the observer’s experience and can be strongly subjective. Most
importantly, clinical decisions such as pregnancy intervention
through cesarean section are made using visual inspection of
CTG traces. It has been reported that the positive predictive value

TABLE 6 ML applications in cesarean section research.

10.3389/fendo.2023.1130139

produced by obstetricians to anticipate negative outcomes that
require cesarean section deliveries is only 30% (110). However,
although human eye may fail to provide a reliable and objective
interpretation, mathematical tools for pattern recognition are not
subjected to the observer’s bias.

Two different articles published by the same group in Liverpool
have addressed the observer variability of CTG traces using a ML
approach (102, 103). The authors applied signal processing
techniques to extract relevant features from CTG traces and
modeled the data using different ML methods, such as DNN,
LDA, RF, SVM and ensemble classifiers. They were able to
classify cesarean section and vaginal deliveries from CTG traces
with cross-validation AUC values of 96-99%. Other study
performed by an Italian research group used a similar
methodology and obtained consistent results, that is, a cross-
validation AUC value of 96.7% by RF (104). Likewise, a Chinese
study that proposed a comparable strategy to classify normal and
abnormal CTG traces reported an AUC of 0.95 by CNN in cross-
validation (105). Their results demonstrate that ML methods
significantly improve the prediction efficiency of necessary
cesarean sections, and that their use provide a valuable decision
support tool to minimize subjective interpretations of CTG traces
from medical practitioners.

Besides CTG traces analysis, ML methods have been applied on
EHR information to predict cesarean section and identify important
variables, as well as to understand the interaction between those
variables. The model developed by Clark et al. using a classification
and regression tree had an AUC value of 0.7, which was considered
acceptable (106). The three features that contributed the most to
that model were hospital type, maternal BMI and intrapartum
oxytocin dose.

Other uses of ML have been tested in the context of cesarean
sections. For example, a decision-support ML-based model for
assessing intrathecal hyperbaric bupivacaine dose using physical

ML Main output

technique

Reference ML application

(102) Complication prediction Cardiotocography traces

(103) Complication prediction Cardiotocography traces

(104) Complication prediction Cardiotocography traces

(105) Complication prediction Cardiotocography traces

(106) Complication prediction Electronic health records

(107) Anesthesia dose prediction Clinical parameters

(108) Surgical site infection Clinical parameters and mobile
prediction images

(109) Later vaginal birth Electronic health records
prediction

DNN AUC = 99%, Se = 94%, Sp = 91%, F1 = 100% and MSE =
1%

LDA, RF and AUC = 96%, Se = 87%, Sp = 90% and MSE = 9%

SVM

RF AUC = 96.7%, Ac = 91.1%, Se = 90.0%, Sp = 92.2% and Pr =
92.1%

CNN AUC = 0.95, Ac = 94.70%, Pr = 94.71% and Re = 94.68%

CART AUC =07

LASSO MSE = 0.0087 and R* = 0.8070

LR AUC = 1.0, Ac = 100%, Se = 1.0 and Sp = 1.0

RF AUC = 0.69, Ac = 70.0%, Se = 97.9% and Sp = 6.9%

ML, machine learning; DNN, deep neural networks; LDA, linear discriminant analysis; RF, random forest; SVM, support vector machines; CNN, convolutional neural networks; CART,
classification and regression tree; LASSO, least absolute shrinkage and selection operator; LR, logistic regression; AUC, area under the receiver operating characteristic curve; Se, sensitivity; Sp,
speciﬁcity; MSE, mean squared error; Ac, accuracy; Pr, precision; Re, recall.
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variables during cesarean section was developed, providing the
anesthesiologists a new tool that gives new insights into the
potential impact of controversial parameters (107). The least
absolute shrinkage and selection operator regression model got
a mean squared error of 0.0087. ML has also been applied to
predict surgical site infection in cesarean section wounds, which
is a leading cause of mortality and an important health concern in
low-resource countries (108). The best model was obtained with
mobile device images and LR, and achieved an AUC of 1.0.
Prediction of likelihood of a successful vaginal birth after former
cesarean deliveries has also been addressed using ML, which may
help as a decision-making tool that could contribute to a
reduction in cesarean deliveries rates (109). The EHR-based RF
model reached an AUC of 0.69, better than the obtained by DT
and LR.

TABLE 7 ML applications in fetal malformations research.

10.3389/fendo.2023.1130139

4.2.5 Fetal malformations
4.2.5.1 General congenital diseases

Congenital anomalies are seen in 1-3% of the population, and
approximately 60-70% of the anomalies can be diagnosed via
ultrasonography, while the remaining 30-40% can be diagnosed
after childbirth. An e-Health android application was developed by
comparing the performance of nine binary ML classification models
(averaged perceptron, boosted DT, Bayes point machine, decision
forest, decision jungle, locally-deep SVM, LR, NN, SVM) (Table 7).
The models were trained with the clinical dataset of 96 pregnant
women and used to predict fetal anomaly status based on maternal
clinical data. The decision forest model reached the best
performance, with 89.5% of accuracy, 75% of F1-Score and 95%
of AUC. An external validation testing with 16 users, showed that
the classification algorithm accuracy was 87.5%. This estimate is

Reference = ML appli- ML Main output
cation technique
(111) Complication Mobile collected data DF Ac = 87.5%
prediction
(112) Complication Computed tomography | LDA Ac = 95.7%, Se = 92.7% and Sp = 98.9% for craniosynostosis
prediction images
(113) Complication Ultrasound images SVM AUC = 0.89, Ac = 88.63%, Se = 95%, Sp = 82% and +LR = 5.25 for craniosynostosis
prediction
(114) Complication Stereophotogrammetry PCA Clear differentiation between craniosynostosis and control patients
differentiation images
(115) Data Ultrasound videos RF Estimation of heart position, orientation, viewing plane and cardiac phase
acquisition
(116) Data Electrocardiography ICA and DT Reconstruction of fetal electrocardiogram
acquisition recordings
(117) Data Electrocardiography SDAE Reconstruction of fetal electrocardiogram
acquisition recordings
(118) Data Ultrasound videos SVM Detection of fetal presentation and heartbeat
extraction
(119) Data Cardiotocography EMD Extraction of fetal heart rate
extraction recordings
(120) Data Electrocardiography CNN and Extraction of fetal heart rate
extraction recordings LSTM
(121) Data Electrocardiography CNN and Extraction of fetal heart rate
extraction recordings LSTM
(122) Data Doppler ultrasound EMD Extraction of fetal heart rate
extraction recordings
(123) Complication Cardiotocography CNN AUC = 97.82%, Ac = 98.34%, Se = 98.22%, Sp = 94.87% and QI = 96.53% for fetal
prediction recordings acidemia caused by hypoxia
(124) Decision Cardiotocography Infant Identification of fetal status
making recordings software
support
(125) Decision Cardiotocography PeriCALM Identification of fetal status
making recordings software
support
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TABLE 7 Continued

Reference = ML appli- ML Main output
cation technique
(126) Decision Cardiotocography Foetos Identification of fetal status
making recordings and software
support ultrasound
measurements
(127) Complication Ultrasound NN Ac = 95% for intrauterine growth restriction
prediction measurements
(128) Complication Cardiotocography SVM Ac = 78,26%, Se = 0.78 and Sp = 0.79 for intrauterine growth restriction
prediction recordings
(129) Complication Ultrasound images ANN Ac = 91-94% for intrauterine growth restriction
prediction
(130) Complication Echocardiography FINE Se = 98%, Sp = 93%, +LR = 14 and -LR: 0.02 for congenital heart disease
prediction images software
(131) Complication Echocardiography CON Ac =99.0%, Se = 75%, Sp = 99.6%, PPV = 99% and NPV = 88.5% for congenital heart
prediction images disease
(132) Biomarker Transcriptomics data PCA and K- miR-1647, miR-3064, mirR-3533, miR-6544, miR-6590, miR-6593, miR-6602, miR-6604,
discovery means miR-6639, miR-6667, miR-6706, miR-6710, miR-1650, miR-1665, miR-6542, miR-6565,
miR-6619 and miR-6706 as novel biomarkers for fetal alcohol spectrum disorder
(133) Complication Clinical parameters LR AUC = 0.880, Se = 1.00, Sp = 0.49, PPV = 0.03 and NPV = 1.00 for macrosomia
prediction
(134) Complication Electronic health LSTM Ac = 93.3% for small, appropriate and large for gestational age
prediction records
(135) Drug Drug databases t-SNE and AUC =038
teratogenicity information GB
prediction

ML, machine learning; DF, decision forest; LDA, linear discriminant analysis; SVM, support vector machines; PCA, principal component analysis; RF, random forest; ICA, independent
component analysis; DT, decision tree; SDAE, stacked denoising autoencoder; EMD, empirical mode decomposition; CNN, convolutional neural networks; LSTM, long short-term memory; NN,
neural networks; ANN, artificial neural networks; CON, compound network; LR, logistic regression; t-SNE, t-distributed stochastic neighbor embedding; GB, gradient boosting; Ac, accuracy; Se,
sensitivity; Sp, specificity, AUC, area under the receiver operating characteristic curve; +LR, positive likelihood ratio; QI, quality index; -LR, negative likelihood ratio; PPV, positive predictive

value; NPV, negative predictive value.

enough to give a general overview of fetal health before the patient
visits the physician (111).

4.2.5.2 Craniosynostosis

Craniosynostosis is a congenital condition characterized by a
premature fusion of the fetal cranial sutures, which induces one or
more cranial bones in a fetal skull to join too early. Since this
happens before the fetal brain is fully formed, as the brain grows, the
skull can become deformed. Craniosynostosis is a common cause of
pediatric skull deformities, affecting 1 of every 2000 to 2500 live
births worldwide. This birth defect occurs in a predictable pattern
because of localized fusions and the compensatory expansion of the
cranial vault (136). It is usually detected early in life, both due to its
cosmetic manifestations and functional consequences, as it can
result in limited brain growth, elevated intra-cranial pressure, and
respiratory and visual impairment. Early diagnosis is crucial for
management, prevention of complications, and consideration for
early surgical correction (112). In parallel with the growing
understanding of the pathophysiology of craniosynostosis, new
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advances include the improvement of existing technologies such
as ultrasound, and the introduction of new technologies such as ML
and augmented reality (137).

Various algorithms and mathematical models have been
developed to allow the computer to reliably and accurately
predict specific outcomes, based on premature fusion suture input
data. Using data from CT-derived measurements of cranial suture
fusion, cranial deformation and curvature discrepancy, different ML
methods (RF, LDA and SVM) were tested to determine the presence
or absence of craniosynostosis. The best classification performance
was obtained by the LDA model, with 92.7% of sensitivity, 98.9% of
specificity and the probability of correctly classifying a new subject
of 95.7% (112). In a different study, SVM and RF were used on
ultrasound images in order to decrease the user error involved in the
interpretation of craniosynostosis diagnostic imaging. They got a
diagnostic accuracy of 88.63% and an AUC of 0.89 by SVM (113).
Finally, PCA has proven effective in differentiating between healthy
controls, scaphocephalic, and trigonocephalic patients, when
applied on images obtained via stereophotogrammetry (114).
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4.2.5.3 Congenital heart disease

The incidence of congenital heart disease (CHD) has been
estimated between 0.6% and 1.2% among live births (138);
however, it has been reported an increased incidence of 8.3%
when stillborn infants of >26 weeks of gestation are
included (139). There could be an even higher incidence in
early gestation, given spontaneous and elective pregnancy
termination. A multitude of factors are associated with an
increased risk of identifying CHD in the fetus, which are
related to familial, maternal, or fetal conditions. The leading
reason of referral for fetal cardiac evaluation is the suspicion of
a structural heart abnormality on obstetric ultrasound, which
results in a diagnosis of CHD in 40% to 50% of the referred
fetuses. In general, subjects with risk levels exceeding
22% should have a detailed fetal echocardiogram by a
trained examiner.

Fetal echocardiology has evolved from the description of
cardiac anatomical abnormalities toward the quantitative
assessment of cardiac dimensions, shape, and function. It has
been demonstrated to be useful in the diagnosis and monitoring of
fetuses with a compromised cardiovascular system, which may be
related to several fetal conditions, such as IUGR, twin-to-twin
transfusion syndrome, and CHD (140, 141). Different ultrasound
approaches are currently used to evaluate fetal cardiac structure
and function, including conventional 2D imaging, and M-mode
and tissue Doppler imaging, among others (142). However,
assessing fetal cardiac function is still challenging due to fetus
involuntary movements, the small size of the heart, the high heart
rate, the limited access to the fetus, and the lack of expertise in
fetal echocardiography of some sonographers. After having
obtained an optimal image, various measurements must be
performed to extract relevant cardiac features related to
remodeling and functional status. Therefore, the use of new
technologies to improve the primary acquired images, or to help
extract and standardize measurements is of great importance for
optimal assessment of the fetal heart. ML techniques can help to
optimize three different aspects of fetal echocardiology:
acquisition, quantification and features extraction, and
fetal diagnosis.

4.2.5.3.1 Acquisition

ML-powered methods can speed up the acquisition
process, decreasing the learning curve, standardizing the resulting
images and increasing data quality. In such case, standardization
occurs with minimal human intervention. In this regard, Bridge
et al. implemented a framework for tracking key features from
healthy fetal heart ultrasound videos through RF (115); and Yu et al.
and Muduli et al. used independent component analysis along
with a DT (116) and a stacked denoising autoencoder neural
networks-based deep learning approach (117) to reconstruct
fetal electrocardiography (ECG) signals from abdominal
ECG recordings.
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4.2.5.3.2 Quantification and feature extraction

The vast majority of the research in this field focuses on
automatically measuring the heartbeat. Some examples are the
detection of fetal cardiac activity from maternal abdomen
ultrasound videos using SVM (118), the extraction of FHR
features from CTG recordings applying empirical mode
decomposition (EMD) (119), the extraction of FHR from fetal
ECG signals employing a combination of CNN and LSTM RNN
(120, 121), and the detection of fetal heart beats from continuous
Doppler ultrasound signals by EMD (122).

4.2.5.3.3 Fetal diagnosis

One of the subfields in which ML has been extensively applied is
the improvement of the diagnosis of fetal hypoxia or acidemia,
based on CTG analyses. For example, Zhao et al. used CNN and got
an AUC value of 97.82% for fetal acidemia caused by hypoxia (123).
There have also been some attempts to translate these methods into
clinical practice via the development of software that could provide
additional support in the interpretation of CTG signals and,
therefore, improve the assessment of fetal status. Some examples
are Infant (124), PeriCALM (125) and Foetos (126).

ML has also been assessed to improve the diagnosis of IUGR, a
pathology that affects about 10% of pregnancies and that has been
associated with cardiac remodeling in utero (143). IUGR early
detection models have been developed using ultrasound biometric
measurements and NN (127), CTG data and SVM (128), and 2D
ultrasound images and ANN (129). Such strategies got classification
accuracies of 95%, 78% and 91-94%, respectively.

Finally, ML has been recently applied to improve heart diseases
prenatal diagnosis. Yeo et al. presented an intelligent ML navigation
method called FINE, to automatically obtain different
echocardiography anatomical views of the fetal heart and identify
abnormalities within the cardiac anatomy (130). Their method
allowed to predict CHD with a sensitivity of 98% and a specificity
0f 93%. Moreover, Han et al. used an artificial intelligence algorithm
based on a compound network to segment echocardiography
images, and then screen for fetal CHD during pregnancy. Their
method achieved an accuracy of 99.0% (131).

4.2.5.4 Fetal alcohol spectrum disorder (FASD)

Gestational alcohol exposure is the most important known
cause of neurodevelopmental disability, affecting nearly 5% of
children in the US. It leads to complex epigenetic and
transcriptomic modifications, which subsequently impair
signaling pathways in neural and morphological development
(144). In this regard, identifying transcriptomic mechanisms that
regulate alcohol’s teratogenicity during embryonic development is
crucial to understand different phenotypic outcomes, and may
allow future therapeutic interventions that could mediate
alcohol’s effects. In order to understand transcriptomic changes in
FASD, spanning gene, exon and splicing variants, ML approaches
can be used to corroborate traditional statistical methods, and to
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robust genomic functional studies. For example, Al-Shaer. applied
PCA and K-means clustering on transcriptome sequencing (RNA-
Seq) data. They identified 6857 difterentially expressed exons, which
represented 1251 gene IDs that deviated from baseline expression,
and 18 miRNAs with significantly different expression profiles in
response to alcohol. Several of those exons regulate focal adhesion,
FoxO signaling, insulin signaling and Wnt signaling (132).

4.2.5.5 Macrosomia

Fetal macrosomia is diagnosed when fetal growth is beyond a
specific threshold, regardless of the gestational age. In developed
countries, the most used threshold is a weight above 4,000 g (145).
Macrosomia is associated with an increased risk of several maternal
and newborn delivery complications, like shoulder dystocia,
brachial plexus injury, asphyxia, prolonged labor, postpartum
hemorrhage, and laceration of the anal sphincter (146). Predicting
macrosomia is important for making decisions about induction or
cesarean delivery before the start of labor. For example, Shigemi
et al. developed LR and RF ML models to predict macrosomia using
maternal clinical parameters. The generated LR risk scoring system
allowed to determine the association of each predictor with
macrosomia, and achieved an AUC value of 0.880 (133).
Likewise, Tao et al. tested different ML techniques to predict fetal
birthweight from EHR data. They considered three categorical
outcomes: small for gestational age (SGA), appropriate for
gestational age (AGA) and large for gestational age (LGA). SGA
was defined as birthweight lower than 2,500 g; AGA as birthweight
between 2,500 and 4,000 g; and LGA as birthweight greater than
4,000 g. Remarkably, the time-series deep learning technique LSTM
achieved a classification accuracy of 93.3%, outperforming the
traditional cross-sectional ML techniques LR, BPNN, CNN and
RE (134).

4.2.5.6 Teratogenicity

Teratogenicity is the most serious manifestation of iatrogenic
fetal toxicity. Developing fetuses are especially sensitive to chemical
exposures. Teratogens lead to fetal malformation and are implicated
in lifelong physical and/or mental disabilities (135). Teratogenicity
scoring for small molecules is unsystematic, and is performed
outside the clinical environment (147). Moreover, prescribing
behavior for gravid patients is based on limited human data and
conflicting cases of adverse outcomes, due to the exclusion of
pregnant populations from randomized controlled trials (148).
Using unsupervised t-distributed stochastic neighbor embedding
and supervised GB ML methods, Challa et al. demonstrated that
small molecule drug structure is a good predictor of teratogenicity.
The application of such methods also allowed to discover
relationships between chemical functionalities within drugs
prescribable in pregnancy and existing teratogenicity information.
Three chemical functionalities that predispose a drug towards
increased teratogenicity and two moieties with potentially
protective effects were discovered. The ML algorithm predicted
three clinically relevant classes of teratogenicity with an AUC of 0.8,
and nearly double the predictive accuracy of a blind control for the
same task, suggesting a successful modeling (135).
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5 ML in pregnancy diseases and
complications: current state and
future challenges

5.1 Current state

ML has been widely applied in all the seven subjects considered
in this review: gestational diabetes mellitus, preeclampsia, perinatal
death, spontaneous abortion, preterm birth, cesarean section, and
fetal malformations. The applications are varied, including early
detection, alternative screening, biomarker discovery, risk
estimation, correlation assessment, pharmacological treatment
prediction, drug screening, data acquisition, data extraction,
among others. We observed that the most common ML use is the
prediction of perinatal diseases or complications. This is in line with
what was described in two recent reviews on ML and pregnancy
care. The scoping review of Abuelezz et al. explored the
contribution of artificial intelligence in pregnancy, and
categorized the applications in “prediction of pregnancy
disorders/complications”, “treatment and management” and
“assist with patients” safety outcome”. 75% of the reviewed studies
fell into the first category (4). Likewise, the systematic review of
Islam et al. dug into the use of ML to predict pregnancy outcomes.
They categorized the reviewed articles according to their scope:
“predicting pregnancy risks/complications”, “exploring pregnancy

» o« » o«

factors”, “predicting mode of delivery”, “predicting outcome of IVF

» o«

treatment”, “predicting labor outcome” and “comparing two birth
weight groups”. The most common was the first category, with a
frequency of 35% (5). Furthermore, we noted that the number of
studies employing ML in pregnancy has increased over time, with
most of the reviewed articles being published in the last five years.
This tendency was also identified by previous reviews in the field (4,
5, 149).

Depending on the type of data available, different ML methods
are preferred for studying pregnancy-related alterations. When the
data available come from medical records, the information available
is rich in socio-demographic characteristics, medical history
variables and anthropometric measurements. We observed that
when this is the case, the researchers usually have a massive
amount of data (patients) available, obtained from the
aforementioned medical records, to train the ML model. In this
scenario, the most used ML methods correspond to non-linear
methods, such as SVM, NN, DT, ensemble methods, etc. This could
be explained by the fact that correlations between this type of data
and the diseases or complications we focused on in this review are
complex, not directly or linearly correlated. Non-linear and non-
parametrical methods seem to be more suitable in such scenario, in
which data is affected by a higher amount of variability and
uncertainty. This is especially true when data from medical
questionnaires and other surveys are used, in which the answers
and values obtained thereof are highly dependent on the patient’s
perception. Appropriate variable selection and validation of the
models is perhaps even more important in those cases. In several
studies reviewed in this work, the authors used some level of
validation to test their models, and therefore, the accuracies they
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reported demonstrate a certain relationship between the data used
and the pathology studied, even though that relationship is not
necessarily linear. Therefore, it is possible to obtain adequate ML
models to study adverse perinatal outcomes from data already
available. This adds value to currently existing medical
records databases.

A fundamental precept in data science is that, in order to
predict a property (e.g. a pathology, or the concentration of a
particular biomarker) the data must contain information related to
that property, and the stronger the correlation, the better the
performance of the model. In this regard, it has been suggested
that prediction models could be improved when using biochemical
or biophysical variables (64). This type of data is less affected by
human bias and is more directly related to the physiology of an
individual, or the pathophysiology of a disease. Most variables of
this type correspond to biochemical analytes or ultrasonography
parameters. In this scenario, the type of variables used are not too
different from the data used in chemical, environmental or
pharmaceutical sciences. Analytical chemists have been
successfully using chemometrics (i.e. ML applied in chemistry)
for several decades to extract relevant information from chemical
data, to find correlations or predict a sample property. In essence,
the exercise to identify the origin of certain wine from its metal
profile, an example of a common application of chemometrics in
analytical chemistry, would be no different than predicting a
pathology based on the characteristic multivariate pattern of a
blood biochemical profile. Likewise, biophysical variables such as
the continual recording of FHR through CTG are very similar to the
graphical outputs obtained from the analytical instruments used in
chemistry (e.g. chromatogram or spectrogram), in the sense that an
analytical signal is continuously recorded from an instrument.
Therefore, the robust chemometrical platform used in analytical
chemistry for the analysis of this type of data could also be exploited
in biomedical science. In chemometrics, the most used methods are
linear, i.e. are based on linear combinations of the original variables,
with which they find hidden correlations that can be used to predict
a particular property. Methods such as PCA, partial least squares
regression, soft independent modeling of class analogies,
discriminant analysis, or variations of them, are among the most
used in chemistry (6, 7). These methods are more intuitive than the
non-linear methods mentioned before. Furthermore, they usually
provide valuable information about the importance or weight of the
variables on the prediction of a certain property, as well as variable-
variable and variable-sample relationships, which are some of the
reasons they are preferred in chemical analysis. Curiously, in this
review we observed that these methods are not common in
pregnancy-related applications, where non-linear methods are the
trend and LR seems to be almost the only linear method chosen.
This observation is consistent with the systematic review and meta-
analysis of Sufriyana et al., who found that the most common ML
techniques in prognostic prediction studies for pregnancy care are
LR (64.8%) and ANN (14.1%) (150). As clinical chemistry can be
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considered as a type of analytical chemistry, a more widespread
application in biomedicine of the linear ML methods used in
chemistry could be highly beneficial, whenever biochemical data
is available.

5.2 Future challenges

It is difficult to think of a field of knowledge in which ML has
not been applied. Consequently, it is quite challenging to be
innovative regarding the use of ML in the context of pregnancy
diseases and complications. An aspect that could be improved is
data management, for example by automating their recording,
storage and update in both medical and research settings. The
later could ease data extraction, analysis and posterior
interpretation. Even though EHR are common in developed
countries, they are not frequent in low- or middle- income
countries (151, 152). Therefore, the spread of EHR and their
adaptation to different realities is an important task for the
scientific community in the near future. Moreover, it is necessary
to adapt ML applications to the emerging technologies in
biomedical sciences, with which novel and more complex types of
data can be obtained (153). This could be employed not only to
develop more accurate predictive models, but also to find new
biomarkers that could help to better understand the
pathophysiology of a particular disease or complication, which
could in turn lead to an improvement in its prevention,
management or treatment. Furthermore, although there are a lot
of published ML models aiming to improve maternal and fetal
health, many of them have never been validated, nor subjected to
impact analysis. This translational issue was also identified by a
recent systematic review on ML-based clinical decision support
systems in the context of pregnancy care (154). To be considered
suitable for clinical implementation, ML models have to exhibit a
good predictive performance in both internal and external
validation, and also prove to foster positive changes in medical
settings (e.g. improve patients outcomes, reduce management costs,
etc.) without impairing care quality and patient satisfaction (14).
Hence, besides developing new ML tools in the field of pregnancy
alterations, it is necessary to carry out studies to test the already
published models in different populations and healthcare facilities.
This would allow to know if it is really worthwhile to implement
them in clinical practice. To perform such studies is a demanding
task, since the recruitment and follow-up of large cohorts of subjects
require a very well-coordinated multidisciplinary work, and both
time and financial resources are spent. However, it is the only way
to lead ML models closer to real medical applications.

Pregnancy lasts only nine months, and the first three have been
proposed as the ideal time frame for the early detection, treatment
and management of gestational alterations (155-157). This window
of time is narrow, but represents a great opportunity to exploit all
the advantages that are associated with the use of ML, i.e. finishing
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complex assignments rapidly, dealing with multiple tasks efficiently,
and predicting short- and long- term outcomes accurately (158,
159). Indeed, this review widely demonstrates that ML methods
have a great potential to be applied in such a context, and to
contribute to reducing the impact of pregnancy diseases and
complications on maternal and fetal health.

5.3 Strengths of this review

This review is not restricted to a particular ML application on
pregnancy diseases and complications. There are a couple of recent
systematic reviews that are similar to our work, however they focus
on a specific ML application in the field of pregnancy care, such as
the screening of adverse perinatal outcomes (160) and the
prediction of perinatal complications (149). In contrast, this
review covers the wide variety of applications that ML may have
on maternal and fetal health, including not only the screening or
prediction of perinatal alterations, but also biomarker discovery,
risk estimation, correlation assessment, pharmacological treatment
prediction, drug screening, data acquisition, data extraction, among
others, in the context of such alterations. Moreover, this review has
a marked clinical focus. There are some recent narrative and
systematic reviews that describe different pregnancy-related ML
applications, but their emphases are on the applications themselves,
and not on specific perinatal pathologies (4, 5, 161, 162). On the
contrary, this review focuses on particular diseases and
complications, and gives a broad overview of ML applications for
each, which allows to visualize how much ML has penetrated into
specific areas of the field of obstetrics and gynecology. Finally, this
review covers a considerable body of literature. Most of the reviews
found in literature regarding ML and perinatal care include a small
number of references (4, 5, 149, 160, 162). Contrarily, this review
comprises an important number of scientific articles, which ensures
giving a comprehensive overview of the state of art regarding the use
of ML in the context of pregnancy diseases and complications.

5.4 Limitations of this review

Due to the narrative nature of this review, the search and selection
of articles was not performed by means of a systematic protocol.
Hence, it could be subjected to bias. In addition, this review was
restricted to seven selected pregnancy diseases and complications, and
English-written articles. Hence, we may have missed some promising
ML applications in the field of maternal and fetal health.

References

1. Helm JM, Swiergosz AM, Haeberle HS, Karnuta JM, Schaffer JL, Krebs VE, et al.
Machine learning and artificial intelligence: definitions, applications, and future
directions. Curr Rev Musculoskelet Med (2020) 13:69-76. doi: 10.1007/s12178-020-
09600-8

Frontiers in Endocrinology

10.3389/fendo.2023.1130139

6 Conclusion

The use of ML methods in the context of pregnancy diseases
and complications is fairly recent, and is becoming increasingly
popular. The applications are varied, and go beyond diagnosis.
Indeed, ML has been used to improve the management, treatment,
and also the understanding of the pathophysiological mechanisms
underlying different perinatal alterations. Facing the challenges that
come with working with different types of data, the handling of
increasingly large amounts of information, the development of
emerging technologies, and the need of translational studies, it is
expected that the use of ML methods continue growing in the field
of obstetrics and gynecology in the coming years.

Author contributions

DM, AR, CO, CR, EC, AE-S, JA-R, EG-G, and JA tabulated
literature information; DM and JA wrote the manuscript; DM, CA,
AD, EG-G, and JA improved the manuscript. All authors
contributed to the article and approved the submitted version.

Funding

This work was financially supported by ANID through PhD
scholarship 21190736 (DM), FONDECYT 11181153 (JA) and
FOVI210057 (EG-G); and UdeC/MINEDUC via Proyecto UCO
1866 (DM).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

2. Amigo JM. Data mining, machine learning, deep learning, chemometrics.
definitions, common points and trends (Spoiler alert: VALIDATE your
models!). Braz ] Anal Chem (2021) 8:45-61. doi: 10.30744/brjac.2179-
3425.AR-38-2021

frontiersin.org


https://doi.org/10.1007/s12178-020-09600-8
https://doi.org/10.1007/s12178-020-09600-8
https://doi.org/10.30744/brjac.2179-3425.AR-38-2021
https://doi.org/10.30744/brjac.2179-3425.AR-38-2021
https://doi.org/10.3389/fendo.2023.1130139
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Mennickent et al.

3. Goecks J, Jalili V, Heiser LM, Gray JW. How machine learning will transform
biomedicine. Cell (2020) 181:92-101. doi: 10.1016/j.cell.2020.03.022

4. Abuelezz I, Hassan A, Jaber BA, Sharique M, Abd-Alrazaq A, Househ M, et al.
Contribution of artificial intelligence in pregnancy: a scoping review. Stud Health
Technol Inform (2022) 289:333-6. doi: 10.3233/SHT1210927

5. Islam MN, Mustafina SN, Mahmud T, Khan NI. Machine learning to predict
pregnancy outcomes: a systematic review, synthesizing framework and future research
agenda. BMC Pregnancy Childbirth (2022) 22:1-19. doi: 10.1186/s12884-022-04594-2

6. Brereton RG. Applied chemometrics for scientists. Chichester, UK: Wiley (2007).
doi: 10.1002/9780470057780

7. Otto M. Chemometrics. Weinheim, Germany: Wiley-VCH Verlag GmbH & Co.
KGaA (2016). doi: 10.1002/9783527699377

8. Gibbs RS, Karlan BY, Haney AF, Nygaard IE. Danforth’s obstetrics and
gynecology. 10th ed. Baltimore, MD: Lippincott Williams & Wilkins (2008).

9. Daszykowski M, Kaczmarek K, Vander Heyden Y, Walczak B. Robust statistics in
data analysis {{/amp]]mdash; a review. Chemom Intell Lab Syst (2007) 85:203-19.
doi: 10.1016/j.chemolab.2006.06.016

10. Engel J, Gerretzen J, Szymanska E, Jansen JJ, Downey G, Blanchet L, et al.
Breaking with trends in pre-processing? TrAC Trends Anal Chem (2013) 50:96-106.
doi: 10.1016/j.trac.2013.04.015

11. Bzdok D, Altman N, Krzywinski M. Statistics versus machine learning. Nat
Methods (2018) 15:233-4. doi: 10.1038/nmeth.4642

12. Ballabio D, Grisoni F, Todeschini R. Multivariate comparison of classification
performance measures. Chemom Intell Lab Syst (2018) 174:33-44. doi: 10.1016/
j.chemolab.2017.12.004

13. Botchkarev A. A new typology design of performance metrics to measure errors
in machine learning regression algorithms. Interdiscip ] Information Knowledge Manag
(2019) 14:045-76. doi: 10.28945/4184

14. McGinn TG, Guyatt GH, Wyer PC, Naylor CD, Stiell IG, Richardson WS, et al.
Users’ guides to the medical literature. JAMA (2000) 284:79. doi: 10.1001/jama.284.1.79

15. Cowley LE, Farewell DM, Maguire S, Kemp AM. Methodological standards for
the development and evaluation of clinical prediction rules: a review of the literature.
Diagn Progn Res (2019) 3:16. doi: 10.1186/s41512-019-0060-y

16. ADA. 2. classification and diagnosis of diabetes: standards of medical care in
diabetes—2021. Diabetes Care (2021) 44:515-33. doi: 10.2337/dc21-S002

17. McIntyre HD, Catalano P, Zhang C, Desoye G, Mathiesen ER, Damm P.
Gestational diabetes mellitus. Nat Rev Dis Prim (2019) 5:47. doi: 10.1038/s41572-
019-0098-8

18. Xiong Y, Lin L, Chen Y, Salerno S, Li Y, Zeng X, et al. Prediction of gestational
diabetes mellitus in the first 19 weeks of pregnancy using machine learning techniques.
] Matern Neonatal Med (2022) 35:2457-63. doi: 10.1080/14767058.2020.1786517

19. Zheng T, Ye W, Wang X, Li X, Zhang J, Little J, et al. A simple model to predict
risk of gestational diabetes mellitus from 8 to 20 weeks of gestation in Chinese women.
BMC Pregnancy Childbirth (2019) 19:252. doi: 10.1186/s12884-019-2374-8

20. Wu Y-TT, Zhang C-JJ, Mol BW, Kawai A, Li C, Chen L, et al. Early prediction of
gestational diabetes mellitus in the Chinese population via advanced machine learning.
J Clin Endocrinol Metab (2021) 106:¢1191-205. doi: 10.1210/clinem/dgaa899

21. Artzi NS, Shilo S, Hadar E, Rossman H, Barbash-Hazan S, Ben-Haroush A, et al.
Prediction of gestational diabetes based on nationwide electronic health records. Nat
Med (2020) 26:71-6. doi: 10.1038/s41591-019-0724-8

22. Balani J, Hyer S, Shehata H, Mohareb F. Visceral fat mass as a novel risk factor
for predicting gestational diabetes in obese pregnant women. Obstet Med (2018)
11:121-5. doi: 10.1177/1753495X17754149

23. Mennickent D, Ortega-Contreras B, Gutiérrez-Vega S, Castro E, Rodriguez A,
Araya J, et al. Evaluation of first and second trimester maternal thyroid profile on the
prediction of gestational diabetes mellitus and post load glycemia. PloS One (2023) 18:
€0280513. doi: 10.1371/journal.pone.0280513

24. Scott HD, Buchan M, Chadwick C, Field CJ, Letourneau N, Montina T, et al.
Metabolic dysfunction in pregnancy: fingerprinting the maternal metabolome using
proton nuclear magnetic resonance spectroscopy. Endocrinol Diabetes Metab (2021)
4:1-10. doi: 10.1002/edm2.201

25. Yoffe L, Polsky A, Gilam A, Raff C, Mecacci F, Ognibene A, et al. Early diagnosis

of gestational diabetes mellitus using circulating microRNAs. Eur ] Endocrinol (2019)
181:565-77. doi: 10.1530/EJE-19-0206

26. Guo Z, Yang F, Zhang J, Zhang Z, Li K, Tian Q, et al. Whole-genome promoter
profiling of plasma DNA exhibits diagnostic value for placenta-origin pregnancy
complications. Adv Sci (2020) 7:1901819. doi: 10.1002/advs.201901819

27. LiuY, Wang Z, Zhao L. Identification of diagnostic cytosine-phosphate-guanine
biomarkers in patients with gestational diabetes mellitus via epigenome-wide
association study and machine learning. Gynecol Endocrinol (2021) 37:857-62.
doi: 10.1080/09513590.2021.1937101

28. Ehrlich SF, Ferrara A, Hedderson MM, Feng ], Neugebauer R. Exercise during
the first trimester of pregnancy and the risks of abnormal screening and gestational
diabetes mellitus. Diabetes Care (2021) 44:425-32. doi: 10.2337/dc20-1475

29. Bernardes-Oliveira E, de Freitas DLD, de Morais CdeLM, de Mesquita Cornetta
MdaC, Camargo JD, de AS, et al. Spectrochemical differentiation in gestational diabetes

Frontiers in Endocrinology

10.3389/fendo.2023.1130139

mellitus based on attenuated total reflection Fourier-transform infrared (ATR-FTIR)
spectroscopy and multivariate analysis. Sci Rep (2020) 10:19259. doi: 10.1038/s41598-
020-75539-y

30. Araya J, Rodriguez A, Lagos-SanMartin K, Mennickent D, Gutiérrez-Vega S,
Ortega-Contreras B, et al. Maternal thyroid profile in first and second trimester of
pregnancy is correlated with gestational diabetes mellitus through machine learning.
Placenta (2021) 103:82-5. doi: 10.1016/j.placenta.2020.10.015

31. Velardo C, Clifton D, Hamblin S, Khan R, Tarassenko L, Mackillop L. Toward a
multivariate prediction model of pharmacological treatment for women with
gestational diabetes mellitus: algorithm development and validation. ] Med Internet
Res (2021) 23:e21435. doi: 10.2196/21435

32. Mennickent D, Rodriguez A, Farias-Jofré M, Araya J, Guzman-Gutiérrez E.
Machine learning-based models for gestational diabetes mellitus prediction before 24—
28 weeks of pregnancy: a review. Artif Intell Med (2022) 132:102378. doi: 10.1016/
j.artmed.2022.102378

33. Ababneh M. Management of pre-eclampsia/eclampsia. Middle East J
Anaesthesiol (2004) 17:939-50.

34. ACOG. Hypertension in pregnancy. Obstet Gynecol (2013) 122:1122-31.
doi: 10.1097/01.A0G.0000437382.03963.88

35. Muresan D, Rotar IC, Stamatian F. The usefulness of fetal Doppler evaluation in
early versus late onset intrauterine growth restriction. review of the literature. Med
Ultrason (2016) 18:103. doi: 10.11152/mu.2013.2066.181.dop

36. Gyselaers W, Mullens W, Tomsin K, Mesens T, Peeters L. Role of dysfunctional
maternal venous hemodynamics in the pathophysiology of pre-eclampsia: a review.
Ultrasound Obstet Gynecol (2011) 38:123-9. doi: 10.1002/u0g.9061

37. Keikkala E, Vuorela P, Laivuori H, Romppanen ], Heinonen S, Stenman U-H.
First trimester hyperglycosylated human chorionic gonadotrophin in serum - a marker
of early-onset preeclampsia. Placenta (2013) 34:1059-65. doi: 10.1016/
j.placenta.2013.08.006

38. Birdir C, Fryze J, Vasiliadis H, Nicolaides KH, Poon LC. Maternal serum anti-
miillerian hormone at 11-13 weeks’ gestation in the prediction of preeclampsia. ]
Matern Neonatal Med (2015) 28:865-8. doi: 10.3109/14767058.2014.937418

39. Stepan H, Unversucht A, Wessel N, Faber R. Predictive value of maternal
angiogenic factors in second trimester pregnancies with abnormal uterine perfusion.
Hypertension (2007) 49:818-24. doi: 10.1161/01.HYP.0000258404.21552.a3

40. Stepan H, Geipel A, Schwarz F, Kramer T, Wessel N, Faber R. Circulatory
soluble endoglin and its predictive value for preeclampsia in second-trimester
pregnancies with abnormal uterine perfusion. Am ] Obstet Gynecol (2008)
198:175.¢1-6. doi: 10.1016/j.2j0g.2007.08.052

41. Lee SM, Kang Y, Lee EM, Jung YM, Hong S, Park §J, et al. Metabolomic
biomarkers in midtrimester maternal plasma can accurately predict the development of
preeclampsia. Sci Rep (2020) 10:16142. doi: 10.1038/s41598-020-72852-4

42. Tarca AL, Romero R, Benshalom-Tirosh N, Than NG, Gudicha DW, Done B,
et al. The prediction of early preeclampsia: results from a longitudinal proteomics
study. PloS One (2019) 14:0217273. doi: 10.1371/journal.pone.0217273

43. Jiang M, Lash GE, Zhao X, Long Y, Guo C, Yang H. CircRNA-0004904,
CircRNA-0001855, and PAPP-a: potential novel biomarkers for the prediction of
preeclampsia. Cell Physiol Biochem (2018) 46:2576-86. doi: 10.1159/000489685

44. Han Q, Zheng W, Guo XD, Zhang D, Liu HF, Yu L, et al. A new predicting
model of preeclampsia based on peripheral blood test values. Eur Rev Med Pharmacol
Sci (2020) 24:7222-9. doi: 10.26355/eurrev_202007_21874

45. Jhee JH, Lee S, Park Y, Lee SE, Kim YA, Kang S-W, et al. Prediction model
development of late-onset preeclampsia using machine learning-based methods. PloS
One (2019) 14:€0221202. doi: 10.1371/journal.pone.0221202

46. Maric I, Tsur A, Aghaeepour N, Montanari A, Stevenson DK, Shaw GM, et al.
Early prediction of preeclampsia via machine learning. Am ] Obstet Gynecol MFM
(2020) 2:100100. doi: 10.1016/j.ajogmf.2020.100100

47. Mello G, Parretti E, Ognibene A, Mecacci F, Cioni R, Scarselli G, et al. Prediction of the
development of pregnancy-induced hypertensive disorders in high-risk pregnant women by
artificial neural networks. Clin Chem Lab Med (2001) 39:801-5. doi: 10.1515/CCLM.2001.132

48. Sandstrom A, Snowden JM, Hoéijer J, Bottai M, Wikstrom A-K. Clinical risk
assessment in early pregnancy for preeclampsia in nulliparous women: a population
based cohort study. PloS One (2019) 14:€0225716. doi: 10.1371/journal.pone.0225716

49. Sufriyana H, Wu Y-W, Su EC-Y. Prediction of preeclampsia and intrauterine
growth restriction: development of machine learning models on a prospective cohort.
JMIR Med Inf (2020) 8:e15411. doi: 10.2196/15411

50. Sufriyana H, Wu Y-W, Su EC-Y. Artificial intelligence-assisted prediction of
preeclampsia: development and external validation of a nationwide health insurance
dataset of the BPJS kesehatan in Indonesia. EBioMedicine (2020) 54:102710.
doi: 10.1016/j.ebiom.2020.102710

51. Gupta K, Balyan K, Lamba B, Puri M, Sengupta D, Kumar M. Ultrasound
placental image texture analysis using artificial intelligence to predict hypertension in
pregnancy. ] Matern Neonatal Med (2022) 35:5587-94. doi: 10.1080/
14767058.2021.1887847

52. Liu K, Fu Q, Liu Y, Wang C. An integrative bioinformatics analysis of
microarray data for identifying hub genes as diagnostic biomarkers of preeclampsia.
Biosci Rep (2019) 39:866-75. doi: 10.1042/BSR20190187

frontiersin.org


https://doi.org/10.1016/j.cell.2020.03.022
https://doi.org/10.3233/SHTI210927
https://doi.org/10.1186/s12884-022-04594-2
https://doi.org/10.1002/9780470057780
https://doi.org/10.1002/9783527699377
https://doi.org/10.1016/j.chemolab.2006.06.016
https://doi.org/10.1016/j.trac.2013.04.015
https://doi.org/10.1038/nmeth.4642
https://doi.org/10.1016/j.chemolab.2017.12.004
https://doi.org/10.1016/j.chemolab.2017.12.004
https://doi.org/10.28945/4184
https://doi.org/10.1001/jama.284.1.79
https://doi.org/10.1186/s41512-019-0060-y
https://doi.org/10.2337/dc21-S002
https://doi.org/10.1038/s41572-019-0098-8
https://doi.org/10.1038/s41572-019-0098-8
https://doi.org/10.1080/14767058.2020.1786517
https://doi.org/10.1186/s12884-019-2374-8
https://doi.org/10.1210/clinem/dgaa899
https://doi.org/10.1038/s41591-019-0724-8
https://doi.org/10.1177/1753495X17754149
https://doi.org/10.1371/journal.pone.0280513
https://doi.org/10.1002/edm2.201
https://doi.org/10.1530/EJE-19-0206
https://doi.org/10.1002/advs.201901819
https://doi.org/10.1080/09513590.2021.1937101
https://doi.org/10.2337/dc20-1475
https://doi.org/10.1038/s41598-020-75539-y
https://doi.org/10.1038/s41598-020-75539-y
https://doi.org/10.1016/j.placenta.2020.10.015
https://doi.org/10.2196/21435
https://doi.org/10.1016/j.artmed.2022.102378
https://doi.org/10.1016/j.artmed.2022.102378
https://doi.org/10.1097/01.AOG.0000437382.03963.88
https://doi.org/10.11152/mu.2013.2066.181.dop
https://doi.org/10.1002/uog.9061
https://doi.org/10.1016/j.placenta.2013.08.006
https://doi.org/10.1016/j.placenta.2013.08.006
https://doi.org/10.3109/14767058.2014.937418
https://doi.org/10.1161/01.HYP.0000258404.21552.a3
https://doi.org/10.1016/j.ajog.2007.08.052
https://doi.org/10.1038/s41598-020-72852-4
https://doi.org/10.1371/journal.pone.0217273
https://doi.org/10.1159/000489685
https://doi.org/10.26355/eurrev_202007_21874
https://doi.org/10.1371/journal.pone.0221202
https://doi.org/10.1016/j.ajogmf.2020.100100
https://doi.org/10.1515/CCLM.2001.132
https://doi.org/10.1371/journal.pone.0225716
https://doi.org/10.2196/15411
https://doi.org/10.1016/j.ebiom.2020.102710
https://doi.org/10.1080/14767058.2021.1887847
https://doi.org/10.1080/14767058.2021.1887847
https://doi.org/10.1042/BSR20190187
https://doi.org/10.3389/fendo.2023.1130139
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Mennickent et al.

53. Guo R, Teng Z, Wang Y, Zhou X, Xu H, Liu D. Integrated learning: screening
optimal biomarkers for identifying preeclampsia in placental mRNA samples. Comput
Math Methods Med (2021) 2021:1-7. doi: 10.1155/2021/6691096

54. Bodnar LM, Cartus AR, Kirkpatrick SI, Himes KP, Kennedy EH, Simhan HN,
et al. Machine learning as a strategy to account for dietary synergy: an illustration based
on dietary intake and adverse pregnancy outcomes. Am J Clin Nutr (2020) 111:1235-
43. doi: 10.1093/ajcn/ngaa027

55. Tejera E, Pérez-Castillo Y, Chamorro A, Cabrera-Andrade A, Sanchez ME. A
multi-objective approach for drug repurposing in preeclampsia. Molecules (2021)
26:777. doi: 10.3390/molecules26040777

56. WHO. Making every baby Count : audit and review of stillbirths and neonatal
deaths. Geneva, Switzerland. WHO Press. (2016).

57. WHO. The WHO application of ICD-10 to deaths during the perinatal period:
ICD-PM. Geneva, Switzerland. WHO Press (2016).

58. Liu L, Oza S, Hogan D, Perin J, Rudan I, Lawn JE, et al. Global, regional, and
national causes of child mortality in 200013, with projections to inform post-2015
priorities: an updated systematic analysis. Lancet (2015) 385:430-40. doi: 10.1016/
S0140-6736(14)61698-6

59. Blencowe H, Cousens S, Jassir FB, Say L, Chou D, Mathers C, et al. National,
regional, and worldwide estimates of stillbirth rates in 2015, with trends from 2000: a
systematic analysis. Lancet Glob Heal (2016) 4:¢98-e108. doi: 10.1016/52214-109X(15)
00275-2

60. Willcox ML, Price J, Scott S, Nicholson BD, Stuart B, Roberts NW, et al. Death
audits and reviews for reducing maternal, perinatal and child mortality. Cochrane
Database Syst Rev (2020) 2020. doi: 10.1002/14651858.CD012982.pub2

61. Abebe H, Adane D, Shitu S. Essential newborn care practice and its associated
factors in southwest Ethiopia. Arch Public Heal (2021) 79:42. doi: 10.1186/s13690-021-
00568-6

62. Malacova E, Tippaya S, Bailey HD, Chai K, Farrant BM, Gebremedhin AT, et al.
Stillbirth risk prediction using machine learning for a large cohort of births from Western
australia 1980-2015. Sci Rep (2020) 10:5354. doi: 10.1038/s41598-020-62210-9

63. Kayode GA, Grobbee DE, Amoakoh-Coleman M, Adeleke IT, Ansah E, de
Groot JAH, et al. Predicting stillbirth in a low resource setting. BMC Pregnancy
Childbirth (2016) 16:274. doi: 10.1186/5s12884-016-1061-2

64. Koivu A, Sairanen M. Predicting risk of stillbirth and preterm pregnancies with
machine learning. Heal Inf Sci Syst (2020) 8:14. doi: 10.1007/s13755-020-00105-9

65. Shukla VV, Eggleston B, Ambalavanan N, McClure EM, Mwenechanya M,
Chomba E, et al. Predictive modeling for perinatal mortality in resource-limited
settings. JAMA Netw Open (2020) 3:¢2026750. doi: 10.1001/
jamanetworkopen.2020.26750

66. Mboya IB, Mahande MJ, Mohammed M, Obure J, Mwambi HG. Prediction
of perinatal death using machine learning models: a birth registry-based cohort study
in northern Tanzania. BMJ Open (2020) 10:€040132. doi: 10.1136/bmjopen-2020-
040132

67. Khatibi T, Hanifi E, Sepehri MM, Allahqoli L. Proposing a machine-learning
based method to predict stillbirth before and during delivery and ranking the features:
nationwide retrospective cross-sectional study. BMC Pregnancy Childbirth (2021)
21:202. doi: 10.1186/s12884-021-03658-z

68. Rezaeian A, Rezaeian M, Khatami SF, Khorashadizadeh F, Moghaddam FP.
Prediction of mortality of premature neonates using neural network and logistic
regression. ] Ambient Intell Humaniz Comput (2022) 13:1269-77. doi: 10.1007/
§12652-020-02562-2

69. Cooper JN, Minneci PC, Deans KJ. Postoperative neonatal mortality prediction
using superlearning. J Surg Res (2018) 221:311-9. doi: 10.1016/j.js5.2017.09.002

70. Jaskari J, Myllarinen J, Leskinen M, Rad AB, Hollmen ], Andersson S, et al.
Machine learning methods for neonatal mortality and morbidity classification. IEEE
Access (2020) 8:123347-58. doi: 10.1109/ACCESS.2020.3006710

71. Sheikhtaheri A, Zarkesh MR, Moradi R, Kermani F. Prediction of neonatal
deaths in NICUs: development and validation of machine learning models. BMC Med
Inform Decis Mak (2021) 21:131. doi: 10.1186/s12911-021-01497-8

72. Mangold C, Zoretic S, Thallapureddy K, Moreira A, Chorath K, Moreira A.
Machine learning models for predicting neonatal mortality: a systematic review.
Neonatology (2021) 118:394-405. doi: 10.1159/000516891

73. Larsen EC, Christiansen OB, Kolte AM, Macklon N. New insights into
mechanisms behind miscarriage. BMC Med (2013) 11:154. doi: 10.1186/1741-7015-
11-154

74. Bottomley C, Van Belle V, Kirk E, Van Huffel S, Timmerman D, Bourne T.
Accurate prediction of pregnancy viability by means of a simple scoring system. Hum
Reprod (2013) 28:68-76. doi: 10.1093/humrep/des352

75. Mu Y, Yuan Y, Han W, Pian P, Li L, Wang D, et al. Exploring the molecular
mechanism and biomarker of recurrent spontaneous abortion based on RNA
sequencing analysis. Clin Lab (2020) 66:2055-61. doi: 10.7754/Clin.Lab.2020.200222

76. Toh C, Brody JP. Applications of machine learning in healthcare. In: Smart
manufacturing - when artificial intelligence meets the Internet of things. London, UK:
IntechOpen (2021). doi: 10.5772/intechopen.92297

77. Mora-Sanchez A, Aguilar-Salvador D-I, Nowak I. Towards a gamete matching
platform: using immunogenetics and artificial intelligence to predict recurrent
miscarriage. NPJ Digit Med (2019) 2:12. doi: 10.1038/s41746-019-0089-x

Frontiers in Endocrinology

10.3389/fendo.2023.1130139

78. Wu Y, Xin M, Han Q, Wang J, Yin X, He J, et al. Extensive serum biomarker
analysis in the prethrombotic state of recurrent spontaneous abortion. J Cell Mol Med
(2021) 25:6679-94. doi: 10.1111/jcmm.16671

79. Liu L, Jiao Y, Li X, Ouyang Y, Shi D. Machine learning algorithms to predict early
pregnancy loss after in vitro fertilization-embryo transfer with fetal heart rate as a strong
predictor. Comput Methods Programs BioMed (2020) 196:105624. doi: 10.1016/
j.cmpb.2020.105624

80. Huang C, Xiang Z, Zhang Y, Tan DS, Yip CK, Liu Z, et al. Using deep learning in
a monocentric study to characterize maternal immune environment for predicting
pregnancy outcomes in the recurrent reproductive failure patients. Front Immunol
(2021) 12:642167. doi: 10.3389/fimmu.2021.642167

81. Meuleman T, Lashley LELO, Dekkers OM, van Lith JMM, Claas FHJ,
Bloemenkamp KWM. HLA associations and HLA sharing in recurrent miscarriage:
a systematic review and meta-analysis. Hum Immunol (2015) 76:362-73. doi: 10.1016/
j-humimm.2015.02.004

82. Berger DS, Hogge WA, Barmada MM, Ferrell RE. Comprehensive analysis of
HLA-G: implications for recurrent spontaneous abortion. Reprod Sci (2010) 17:331-8.
doi: 10.1177/1933719109356802

83. Medenica S, Zivanovic D, Batkoska L, Marinelli S, Basile G, Perino A, et al. The
future is coming: artificial intelligence in the treatment of infertility could improve
assisted reproduction outcomes-the value of regulatory frameworks. Diagnostics (2022)
12. doi: 10.3390/diagnostics12122979

84. Chawanpaiboon S, Vogel JP, Moller A-B, Lumbiganon P, Petzold M, Hogan D,
et al. Global, regional, and national estimates of levels of preterm birth in 2014: a
systematic review and modelling analysis. Lancet Glob Heal (2019) 7:e37-46.
doi: 10.1016/S2214-109X(18)30451-0

85. Suff N, Story L, Shennan A. The prediction of preterm delivery: what is new?
Semin Fetal Neonatal Med (2019) 24:27-32. doi: 10.1016/j.siny.2018.09.006

86. Khatibi T, Kheyrikoochaksarayee N, Sepehri MM. Analysis of big data for
prediction of provider-initiated preterm birth and spontaneous premature deliveries
and ranking the predictive features. Arch Gynecol Obstet (2019) 300:1565-82.
doi: 10.1007/s00404-019-05325-3

87. Arabi Belaghi R, Beyene ], McDonald SD. Prediction of preterm birth in
nulliparous women using logistic regression and machine learning. PloS One (2021)
16:€0252025. doi: 10.1371/journal.pone.0252025

88. Gao C, Osmundson S, Velez Edwards DR, Jackson GP, Malin BA, Chen Y. Deep
learning predicts extreme preterm birth from electronic health records. J BioMed
Inform (2019) 100:103334. doi: 10.1016/j.jb1.2019.103334

89. Zhang Y, Lu S, Wu Y, Hu W, Yuan Z. The prediction of preterm birth using
time-series technology-based machine learning: retrospective cohort study. JMIR Med
Inf (2022) 10:¢33835. doi: 10.2196/33835

90. Aung MT, Yu Y, Ferguson KK, Cantonwine DE, Zeng L, McElrath TF, et al.
Prediction and associations of preterm birth and its subtypes with eicosanoid
enzymatic pathways and inflammatory markers. Sci Rep (2019) 9:17049.
doi: 10.1038/541598-019-53448-z

91. Chen Y, He B, Liu Y, Aung MT, Rosario-Pabon Z, Vélez-Vega CM, et al.
Maternal plasma lipids are involved in the pathogenesis of preterm birth. Gigascience
(2022) 11:1-11. doi: 10.1093/gigascience/giac004

92. Jehan F, Sazawal S, Baqui AH, Nisar MI, Dhingra U, Khanam R, et al.
Multiomics characterization of preterm birth in low- and middle-income countries.
JAMA Netw Open (2020) 3:€2029655. doi: 10.1001/jamanetworkopen.2020.29655

93. Despotovic D, Zec A, Mladenovic K, Radin N, Turukalo TL. A machine learning
approach for an early prediction of preterm delivery. 2018 IEEE 16th Int Symp Intell
Syst Inf (2018), 265-70. doi: 10.1109/SISY.2018.8524818

94. Rawashdeh H, Awawdeh S, Shannag F, Henawi E, Faris H, Obeid N, et al.
Intelligent system based on data mining techniques for prediction of preterm birth for
women with cervical cerclage. Comput Biol Chem (2020) 85:107233. doi: 10.1016/
j.compbiolchem.2020.107233

95. YeJ, ZhangJ, Mikolajczyk R, Torloni M, Giilmezoglu A, Betran A. Association
between rates of caesarean section and maternal and neonatal mortality in the 21st
century: a worldwide population-based ecological study with longitudinal data. BIOG
Int ] Obstet Gynaecol (2016) 123:745-53. doi: 10.1111/1471-0528.13592

96. Martinez LD, Glynn LM, Sandman CA, Wing DA, Davis EP. Cesarean delivery
and infant cortisol regulation. Psychoneuroendocrinology (2020) 122:104862.
doi: 10.1016/j.psyneuen.2020.104862

97. Gosset M, Ilenko A, Bouyou J, Renevier B. Emergency caesarean section. ] Visc
Surg (2017) 154:47-50. doi: 10.1016/j.jviscsurg.2016.09.012

98. David M, Scherer K, Henrich W, Breckenkamp J. Does an immigrant
background affect the indication, incidence or outcome of emergency cesarean
section? results of the prospective data collection of 111 births. Geburtshilfe
Frauenheilkd (2018) 78:167-72. doi: 10.1055/s-0044-100147

99. Ryding EL, Wijma K, Wijma B. Psychological impact of emergency cesarean
section in comparison with elective cesarean section, instrumental and normal vaginal
delivery. J Psychosom Obstet Gynecol (1998) 19:135-44. doi: 10.3109/
01674829809025691

100. Yang X-J, Sun S-S. Comparison of maternal and fetal complications in elective
and emergency cesarean section: a systematic review and meta-analysis. Arch Gynecol
Obstet (2017) 296:503-12. doi: 10.1007/s00404-017-4445-2

frontiersin.org


https://doi.org/10.1155/2021/6691096
https://doi.org/10.1093/ajcn/nqaa027
https://doi.org/10.3390/molecules26040777
https://doi.org/10.1016/S0140-6736(14)61698-6
https://doi.org/10.1016/S0140-6736(14)61698-6
https://doi.org/10.1016/S2214-109X(15)00275-2
https://doi.org/10.1016/S2214-109X(15)00275-2
https://doi.org/10.1002/14651858.CD012982.pub2
https://doi.org/10.1186/s13690-021-00568-6
https://doi.org/10.1186/s13690-021-00568-6
https://doi.org/10.1038/s41598-020-62210-9
https://doi.org/10.1186/s12884-016-1061-2
https://doi.org/10.1007/s13755-020-00105-9
https://doi.org/10.1001/jamanetworkopen.2020.26750
https://doi.org/10.1001/jamanetworkopen.2020.26750
https://doi.org/10.1136/bmjopen-2020-040132
https://doi.org/10.1136/bmjopen-2020-040132
https://doi.org/10.1186/s12884-021-03658-z
https://doi.org/10.1007/s12652-020-02562-2
https://doi.org/10.1007/s12652-020-02562-2
https://doi.org/10.1016/j.jss.2017.09.002
https://doi.org/10.1109/ACCESS.2020.3006710
https://doi.org/10.1186/s12911-021-01497-8
https://doi.org/10.1159/000516891
https://doi.org/10.1186/1741-7015-11-154
https://doi.org/10.1186/1741-7015-11-154
https://doi.org/10.1093/humrep/des352
https://doi.org/10.7754/Clin.Lab.2020.200222
https://doi.org/10.5772/intechopen.92297
https://doi.org/10.1038/s41746-019-0089-x
https://doi.org/10.1111/jcmm.16671
https://doi.org/10.1016/j.cmpb.2020.105624
https://doi.org/10.1016/j.cmpb.2020.105624
https://doi.org/10.3389/fimmu.2021.642167
https://doi.org/10.1016/j.humimm.2015.02.004
https://doi.org/10.1016/j.humimm.2015.02.004
https://doi.org/10.1177/1933719109356802
https://doi.org/10.3390/diagnostics12122979
https://doi.org/10.1016/S2214-109X(18)30451-0
https://doi.org/10.1016/j.siny.2018.09.006
https://doi.org/10.1007/s00404-019-05325-3
https://doi.org/10.1371/journal.pone.0252025
https://doi.org/10.1016/j.jbi.2019.103334
https://doi.org/10.2196/33835
https://doi.org/10.1038/s41598-019-53448-z
https://doi.org/10.1093/gigascience/giac004
https://doi.org/10.1001/jamanetworkopen.2020.29655
https://doi.org/10.1109/SISY.2018.8524818
https://doi.org/10.1016/j.compbiolchem.2020.107233
https://doi.org/10.1016/j.compbiolchem.2020.107233
https://doi.org/10.1111/1471-0528.13592
https://doi.org/10.1016/j.psyneuen.2020.104862
https://doi.org/10.1016/j.jviscsurg.2016.09.012
https://doi.org/10.1055/s-0044-100147
https://doi.org/10.3109/01674829809025691
https://doi.org/10.3109/01674829809025691
https://doi.org/10.1007/s00404-017-4445-2
https://doi.org/10.3389/fendo.2023.1130139
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Mennickent et al.

101. Wangel A-M, Molin J, Ostman M, Jernstrom H. Emergency cesarean sections
can be predicted by markers for stress, worry and sleep disturbances in first-time
mothers. Acta Obstet Gynecol Scand (2011) 90:no-o. doi: 10.1111/j.1600-
0412.2010.01056.x

102. Fergus P, Hussain A, Al-Jumeily D, Huang D-S, Bouguila N. Classification of
caesarean section and normal vaginal deliveries using foetal heart rate signals and
advanced machine learning algorithms. BioMed Eng Online (2017) 16:89. doi: 10.1186/
512938-017-0378-z

103. Fergus P, Selvaraj M, Chalmers C. Machine learning ensemble modelling
to classify caesarean section and vaginal delivery types using cardiotocography
traces. Comput Biol Med (2018) 93:7-16. doi: 10.1016/j.compbiomed.
2017.12.002

104. Ricciardi C, Improta G, Amato F, Cesarelli G, Romano M. Classifying the
type of delivery from cardiotocographic signals: a machine learning approach.
Comput Methods Programs BioMed (2020) 196:105712. doi: 10.1016/
j.cmpb.2020.105712

105. Tang H, Wang T, Li M, Yang X. The design and implementation of
cardiotocography signals classification algorithm based on neural network. Comput
Math Methods Med (2018) 2018:1-12. doi: 10.1155/2018/8568617

106. Clark RRS, Hou J. Three machine learning algorithms and their utility in
exploring risk factors associated with primary cesarean section in low-risk women: a
methods paper. Res Nurs Health (2021) 44:559-70. doi: 10.1002/nur.22122

107. Wei C, Wang L, Chang X, Zhou Q. A prediction model using machine-learning
algorithm for assessing intrathecal hyperbaric bupivacaine dose during cesarean
section. BMC Anesthesiol (2021) 21:116. doi: 10.1186/s12871-021-01331-8

108. Fletcher RR, Olubeko O, Sonthalia H, Kateera F, Nkurunziza T, Ashby JL, et al.
Application of machine learning to prediction of surgical site infection. 2019 41st Annu
Int Conf IEEE Eng Med Biol Soc (EMBC) (2019), 2234-7. doi: 10.1109/
EMBC.2019.8857942

109. Lipschuetz M, Guedalia J, Rottenstreich A, Novoselsky Persky M, Cohen SM,
Kabiri D, et al. Prediction of vaginal birth after cesarean deliveries using machine
learning. Am ] Obstet Gynecol (2020) 222:613.e1-613.e12. doi: 10.1016/
1.2j0.2019.12.267

110. Pinas A, Chandraharan E. Continuous cardiotocography during labour:
analysis, classification and management. Best Pract Res Clin Obstet Gynaecol (2016)
30:33-47. doi: 10.1016/j.bpobgyn.2015.03.022

111. Akbulut A, Ertugrul E, Topcu V. Fetal health status prediction based on
maternal clinical history using machine learning techniques. Comput Methods
Programs BioMed (2018) 163:87-100. doi: 10.1016/j.cmpb.2018.06.010

112. Mendoza CS, Safdar N, Okada K, Myers E, Rogers GF, Linguraru MG.
Personalized assessment of craniosynostosis via statistical shape modeling. Med
Image Anal (2014) 18:635-46. doi: 10.1016/j.media.2014.02.008

113. Wu JY, Tuomi A, Beland MD, Konrad J, Glidden D, Grand D, et al.
Quantitative analysis of ultrasound images for computer-aided diagnosis. ] Med
Imaging (2016) 3:14501. doi: 10.1117/1.JMI.3.1.014501

114. Meulstee JW, Verhamme LM, Borstlap WA, van der Heijden F, De Jong GA, Xi
T, et al. A new method for three-dimensional evaluation of the cranial shape and the
automatic identification of craniosynostosis using 3D stereophotogrammetry. Int ] Oral
Maxillofac Surg (2017) 46:819-26. doi: 10.1016/j.ijom.2017.03.017

115. Bridge CP, Ioannou C, Noble JA. Automated annotation and quantitative
description of ultrasound videos of the fetal heart. Med Image Anal (2017) 36:147-61.
doi: 10.1016/j.media.2016.11.006

116. Yu Q, Yan H, Song L, Guo W, Liu H, Si J, et al. Automatic identifying of
maternal ECG source when applying ICA in fetal ECG extraction. Biocybern BioMed
Eng (2018) 38:448-55. doi: 10.1016/j.bbe.2018.03.003

117. Muduli PR, Gunukula RR, Mukherjee A. (2016). A deep learning approach to
fetal-ECG signal reconstruction, in: 2016 Twenty Second National Conference on
Communication (NCC) (IEEE). Guwahati, India, . pp. 1-6. doi: 10.1109/
NCC.2016.7561206

118. Maraci MA, Bridge CP, Napolitano R, Papageorghiou A, Noble JA. A
framework for analysis of linear ultrasound videos to detect fetal presentation and
heartbeat. Med Image Anal (2017) 37:22-36. doi: 10.1016/j.media.2017.01.003

119. Krupa N, MA M, Zahedi E, Ahmed S, Hassan FM. Antepartum fetal heart
rate feature extraction and classification using empirical mode decomposition
and support vector machine. BioMed Eng Online (2011) 10:6. doi: 10.1186/1475-
925X-10-6

120. Fotiadou E, van Sloun RJG, van Laar JOEH, Vullings R. A dilated inception

CNN-LSTM network for fetal heart rate estimation. Physiol Meas (2021) 42:045007.
doi: 10.1088/1361-6579/abf7db

121. Fotiadou E, Xu M, van Erp B, van Sloun RJG, Vullings R. (2020). Deep
convolutional long short-term memory network for fetal heart rate extraction,
in: 2020 42nd Annual International Conference of the IEEE Engineering in
Medicine & Biology Society (EMBC), Montreal, Canada. pp. 1-4. doi: 10.1109/
EMBC44109.2020.9175442

122. Al-Angari HM, Kimura Y, Hadjileontiadis L], Khandoker AH. A hybrid EMD-
kurtosis method for estimating fetal heart rate from continuous Doppler signals. Front
Physiol (2017) 8:641. doi: 10.3389/fphys.2017.00641

123. Zhao Z, Deng Y, Zhang Y, Zhang Y, Zhang X, Shao L. DeepFHR: intelligent
prediction of fetal acidemia using fetal heart rate signals based on convolutional

Frontiers in Endocrinology

21

10.3389/fendo.2023.1130139

neural network. BMC Med Inform Decis Mak (2019) 19:286. doi: 10.1186/s12911-
019-1007-5

124. Brocklehurst P. A study of an intelligent system to support decision making in
the management of labour using the cardiotocograph - the INFANT study protocol.
BMC Pregnancy Childbirth (2016) 16:10. doi: 10.1186/s12884-015-0780-0

125. Parer JT, Hamilton EF. Comparison of 5 experts and computer analysis in rule-
based fetal heart rate interpretation. Am ] Obstet Gynecol (2010) 203:451.e1-7.
doi: 10.1016/}.2j0g.2010.05.037

126. Alonso-Betanzos A, Moret-Bonillo V, Hernandez-Sande C. Foetos: an expert
system for fetal assessment. IEEE Trans BioMed Eng (1991) 38:199-211. doi: 10.1109/
10.76387

127. Gurgen F, Onal E, Varol FG. IUGR detection by ultrasonographic
examinations using neural networks. IEEE Eng Med Biol Mag (1997) 16:55-8.
doi: 10.1109/51.585518

128. Magenes G, Pedrinazzi L, Signorini MG. (2004). Identification of fetal
sufferance antepartum through a multiparametric analysis and a support vector
machine, in: The 26th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (IEEE), San Francisco, USA. pp. 462-5. doi: 10.1109/
IEMBS.2004.1403194

129. Gadagkar AV, Shreedhara KS. (2014). Features based IUGR diagnosis using
variational level set method and classification using artificial neural networks, in: 2014
Fifth International Conference on Signal and Image Processing (IEEE), Bangalore, India.
pp- 303-9. doi: 10.1109/ICSIP.2014.54

130. Yeo L, Romero R. Fetal intelligent navigation echocardiography (FINE): a
novel method for rapid, simple, and automatic examination of the fetal heart.
Ultrasound Obstet Gynecol (2013) 42:268-84. doi: 10.1002/u0g.12563

131. Han G, Jin T, Zhang L, Guo C, Gui H, Na R, et al. Adoption of compound
echocardiography under artificial intelligence algorithm in fetal congenial heart disease
screening during gestation. Appl Bionics Biomech (2022) 2022:1-8. doi: 10.1155/2022/
6410103

132. Al-Shaer AE, Flentke GR, Berres ME, Garic A, Smith SM. Exon level machine
learning analyses elucidate novel candidate miRNA targets in an avian model of fetal
alcohol spectrum disorder. PloS Comput Biol (2019) 15:¢1006937. doi: 10.1371/
journal.pcbi.1006937

133. Shigemi D, Yamaguchi S, Aso S, Yasunaga H. Predictive model for macrosomia
using maternal parameters without sonography information. ] Matern Neonatal Med
(2019) 32:3859-63. doi: 10.1080/14767058.2018.1484090

134. Tao J, Yuan Z, Sun L, Yu K, Zhang Z. Fetal birthweight prediction with
measured data by a temporal machine learning method. BMC Med Inform Decis Mak
(2021) 21:26. doi: 10.1186/s12911-021-01388-y

135. Challa AP, Beam AL, Shen M, Peryea T, Lavieri RR, Lippmann ES, et al.
Machine learning on drug-specific data to predict small molecule teratogenicity. Reprod
Toxicol (2020) 95:148-58. doi: 10.1016/j.reprotox.2020.05.004

136. Guimardes-Ferreira J, Migueéns ], Lauritzen C. Advances in craniosynostosis
research and management. In: Advances and technical standards in neurosurgery
Vienna, Austria. Springer (2004). p. 23-83. doi: 10.1007/978-3-7091-0558-0_2

137. Safran T, Gorsky K, Viezel-Mathieu A, Kanevsky J, Gilardino MS. The role of
ultrasound technology in plastic surgery. J Plast Reconstr Aesthetic Surg (2018) 71:416—
24. doi: 10.1016/j.bjps.2017.08.031

138. Wren C. Temporal variability in birth prevalence of cardiovascular
malformations. Heart (2000) 83:414-9. doi: 10.1136/heart.83.4.414

139. Moons P, Sluysmans T, De Wolf D, Massin M, Suys B, Benatar A, et al.
Congenital heart disease in 111 225 births in Belgium: birth prevalence, treatment and
survival in the 21st century. Acta Paediatr (2009) 98:472-7. doi: 10.1111/j.1651-
2227.2008.01152.x

140. Rychik ], Tian Z, Bebbington M, Xu F, McCann M, Mann §, et al. The twin-
twin transfusion syndrome: spectrum of cardiovascular abnormality and development
of a cardiovascular score to assess severity of disease. Am ] Obstet Gynecol (2007)
197:392.e1-8. doi: 10.1016/j.aj0og.2007.06.055

141. Garcia-Canadilla P, Sanchez-Martinez S, Crispi F, Bijnens B. Machine learning
in fetal cardiology: what to expect. Fetal Diagn Ther (2020) 47:363-72. doi: 10.1159/
000505021

142. Crispi F, Valenzuela-Alcaraz B, Cruz-Lemini M, Gratacos E. Ultrasound
assessment of fetal cardiac function. Australas J Ultrasound Med (2013) 16:158-67.
doi: 10.1002/j.2205-0140.2013.tb00242.x

143. Cruz-Lemini M, Crispi F, Valenzuela-Alcaraz B, Figueras F, Sitges M, Bijnens
B, et al. Fetal cardiovascular remodeling persists at 6 months in infants with
intrauterine growth restriction. Ultrasound Obstet Gynecol (2016) 48:349-56.
doi: 10.1002/u0g.15767

144. Resendiz M, Mason S, Lo C-L, Zhou FC. Epigenetic regulation of the neural
transcriptome and alcohol interference during development. Front Genet (2014) 5:285.
doi: 10.3389/fgene.2014.00285

145. Langer O, Berkus MD, Huff RW, Samueloff A. Shoulder dystocia: should the
fetus weighing >4000 grams be delivered by cesarean section? Am ] Obstet Gynecol
(1991) 165:831-7. doi: 10.1016/0002-9378(91)90424-P

146. Oral E, Cagdas A, Gezer A, Kaleli S, Aydinli K, Oger F. Perinatal and maternal
outcomes of fetal macrosomia. Eur J Obstet Gynecol Reprod Biol (2001) 99:167-71.
doi: 10.1016/S0301-2115(01)00416-X

frontiersin.org


https://doi.org/10.1111/j.1600-0412.2010.01056.x
https://doi.org/10.1111/j.1600-0412.2010.01056.x
https://doi.org/10.1186/s12938-017-0378-z
https://doi.org/10.1186/s12938-017-0378-z
https://doi.org/10.1016/j.compbiomed.2017.12.002
https://doi.org/10.1016/j.compbiomed.2017.12.002
https://doi.org/10.1016/j.cmpb.2020.105712
https://doi.org/10.1016/j.cmpb.2020.105712
https://doi.org/10.1155/2018/8568617
https://doi.org/10.1002/nur.22122
https://doi.org/10.1186/s12871-021-01331-8
https://doi.org/10.1109/EMBC.2019.8857942
https://doi.org/10.1109/EMBC.2019.8857942
https://doi.org/10.1016/j.ajog.2019.12.267
https://doi.org/10.1016/j.ajog.2019.12.267
https://doi.org/10.1016/j.bpobgyn.2015.03.022
https://doi.org/10.1016/j.cmpb.2018.06.010
https://doi.org/10.1016/j.media.2014.02.008
https://doi.org/10.1117/1.JMI.3.1.014501
https://doi.org/10.1016/j.ijom.2017.03.017
https://doi.org/10.1016/j.media.2016.11.006
https://doi.org/10.1016/j.bbe.2018.03.003
https://doi.org/10.1109/NCC.2016.7561206
https://doi.org/10.1109/NCC.2016.7561206
https://doi.org/10.1016/j.media.2017.01.003
https://doi.org/10.1186/1475-925X-10-6
https://doi.org/10.1186/1475-925X-10-6
https://doi.org/10.1088/1361-6579/abf7db
https://doi.org/10.1109/EMBC44109.2020.9175442
https://doi.org/10.1109/EMBC44109.2020.9175442
https://doi.org/10.3389/fphys.2017.00641
https://doi.org/10.1186/s12911-019-1007-5
https://doi.org/10.1186/s12911-019-1007-5
https://doi.org/10.1186/s12884-015-0780-0
https://doi.org/10.1016/j.ajog.2010.05.037
https://doi.org/10.1109/10.76387
https://doi.org/10.1109/10.76387
https://doi.org/10.1109/51.585518
https://doi.org/10.1109/IEMBS.2004.1403194
https://doi.org/10.1109/IEMBS.2004.1403194
https://doi.org/10.1109/ICSIP.2014.54
https://doi.org/10.1002/uog.12563
https://doi.org/10.1155/2022/6410103
https://doi.org/10.1155/2022/6410103
https://doi.org/10.1371/journal.pcbi.1006937
https://doi.org/10.1371/journal.pcbi.1006937
https://doi.org/10.1080/14767058.2018.1484090
https://doi.org/10.1186/s12911-021-01388-y
https://doi.org/10.1016/j.reprotox.2020.05.004
https://doi.org/10.1007/978-3-7091-0558-0_2
https://doi.org/10.1016/j.bjps.2017.08.031
https://doi.org/10.1136/heart.83.4.414
https://doi.org/10.1111/j.1651-2227.2008.01152.x
https://doi.org/10.1111/j.1651-2227.2008.01152.x
https://doi.org/10.1016/j.ajog.2007.06.055
https://doi.org/10.1159/000505021
https://doi.org/10.1159/000505021
https://doi.org/10.1002/j.2205-0140.2013.tb00242.x
https://doi.org/10.1002/uog.15767
https://doi.org/10.3389/fgene.2014.00285
https://doi.org/10.1016/0002-9378(91)90424-P
https://doi.org/10.1016/S0301-2115(01)00416-X
https://doi.org/10.3389/fendo.2023.1130139
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Mennickent et al.

147. Garg RC, Bracken WM, XXXM. Hoberman A. Reproductive and
developmental safety evaluation of new pharmaceutical compounds. In: Reproductive
and developmental toxicology. Oxford, UK: Elsevier (2011). p. 89-109. doi: 10.1016/
B978-0-12-382032-7.10008-6

148. Kim JH, Scialli AR. Thalidomide: the tragedy of birth defects and the effective
treatment of disease. Toxicol Sci (2011) 122:1-6. doi: 10.1093/toxsci/kfr088

149. Bertini A, Salas R, Chabert S, Sobrevia L, Pardo F. Using machine learning to
predict complications in pregnancy: a systematic review. Front Bioeng Biotechnol
(2022) 9:780389. doi: 10.3389/fbioe.2021.780389

150. Sufriyana H, Husnayain A, Chen YL, Kuo CY, Singh O, Yeh TY, et al.
Comparison of multivariable logistic regression and other machine learning
algorithms for prognostic prediction studies in pregnancy care: systematic review
and meta-analysis. JMIR Med Inf (2020) 8:1-26. doi: 10.2196/16503

151. Kumar M, Mostafa J. Research evidence on strategies enabling integration of
electronic health records in the health care systems of low- and middle-income
countries: a literature review. Int | Health Plann Manage (2019) 34:¢1016-25.
doi: 10.1002/hpm.2754

152. Shapiro LM, Kamal RN. Implementation of electronic health records during
global outreach: a necessary next step in measuring and improving quality of care. |
Handb Surg Am (2022) 47:279-83. doi: 10.1016/j.jhsa.2021.09.016

153. Sobti RC, Rai J, Prakash A. Introduction to emerging technologies in
biomedical sciences. In: Biomedical translational research. Singapore: Springer
Nature Singapore (2022). p. 1-22. doi: 10.1007/978-981-16-4345-3_1

154. Du Y, McNestry C, Wei L, Antoniadi AM, McAuliffe FM, Mooney C.
Machine learning-based clinical decision support systems for pregnancy care: a

Frontiers in Endocrinology

22

10.3389/fendo.2023.1130139

systematic review. Int J Med Inform (2023) 173:105040. doi: 10.1016/
j.ijmedinf.2023.105040

155. Sweeting A, Park F, Hyett J. The first trimester: prediction and prevention of
the great obstetrical syndromes. Best Pract Res Clin Obstet Gynaecol (2015) 29:183-93.
doi: 10.1016/}.bpobgyn.2014.09.006

156. Poon LC, McIntyre HD, Hyett JA, da Fonseca EB, Hod M. The first-trimester
of pregnancy - a window of opportunity for prediction and prevention of pregnancy
complications and future life. Diabetes Res Clin Pract (2018) 145:20-30. doi: 10.1016/
j.diabres.2018.05.002

157. Bouariu A, Panaitescu AM, Nicolaides KH. First trimester prediction of
adverse pregnancy outcomes—identifying pregnancies at risk from as early as 11-13
weeks. Medicina (B Aires) (2022) 58:332. doi: 10.3390/medicina58030332

158. Ngiam KY, Khor IW. Big data and machine learning algorithms for health-care
delivery. Lancet Oncol (2019) 20:¢262-73. doi: 10.1016/S1470-2045(19)30149-4

159. Khanzode KCA, Sarode RD. Advantages and disadvantages of artificial
intelligence and machine learning: a literature review. Int J Libr Inf Sci (2020) 9:30—
6. doi: 10.17605/OSF.I0/GV5T4

160. Feduniw S, Golik D, Kajdy A, Pruc M, Modzelewski J, Sys D, et al. Application
of artificial intelligence in screening for adverse perinatal outcomes-a systematic
review. Healthc (2022) 10:1-20. doi: 10.3390/healthcare10112164

161. Davidson L, Boland MR. Towards deep phenotyping pregnancy: a systematic
review on artificial intelligence and machine learning methods to improve pregnancy
outcomes. Brief Bioinform (2021) 22:1-29. doi: 10.1093/bib/bbaa369

162. Ramakrishnan R, Rao S, He JR. Perinatal health predictors using artificial
intelligence: a review. Women’s Heal (2021) 17:1-7. doi: 10.1177/17455065211046132

frontiersin.org


https://doi.org/10.1016/B978-0-12-382032-7.10008-6
https://doi.org/10.1016/B978-0-12-382032-7.10008-6
https://doi.org/10.1093/toxsci/kfr088
https://doi.org/10.3389/fbioe.2021.780389
https://doi.org/10.2196/16503
https://doi.org/10.1002/hpm.2754
https://doi.org/10.1016/j.jhsa.2021.09.016
https://doi.org/10.1007/978-981-16-4345-3_1
https://doi.org/10.1016/j.ijmedinf.2023.105040
https://doi.org/10.1016/j.ijmedinf.2023.105040
https://doi.org/10.1016/j.bpobgyn.2014.09.006
https://doi.org/10.1016/j.diabres.2018.05.002
https://doi.org/10.1016/j.diabres.2018.05.002
https://doi.org/10.3390/medicina58030332
https://doi.org/10.1016/S1470-2045(19)30149-4
https://doi.org/10.17605/OSF.IO/GV5T4
https://doi.org/10.3390/healthcare10112164
https://doi.org/10.1093/bib/bbaa369
https://doi.org/10.1177/17455065211046132
https://doi.org/10.3389/fendo.2023.1130139
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

	Machine learning applied in maternal and fetal health: a narrative review focused on pregnancy diseases and complications
	1 Introduction
	2 Methodology
	2.1 Type of study and search strategy
	2.2 Information synthesis
	2.3 Manuscript organization

	3 ML: definitions and concepts
	4 ML in pregnancy diseases and complications: applications
	4.1 Pregnancy diseases
	4.1.1 Gestational diabetes mellitus
	4.1.1.1 ML for GDM prediction
	4.1.1.2 ML for GDM biomarker discovery
	4.1.1.3 Other ML applications in GDM research

	4.1.2 Preeclampsia

	4.2 Pregnancy complications
	4.2.1 Perinatal death
	4.2.1.1 Stillbirth
	4.2.1.2 Neonatal death

	4.2.2 Spontaneous abortion
	4.2.3 Preterm birth
	4.2.4 Cesarean section
	4.2.5 Fetal malformations
	4.2.5.1 General congenital diseases
	4.2.5.2 Craniosynostosis
	4.2.5.3 Congenital heart disease
	4.2.5.3.1 Acquisition
	4.2.5.3.2 Quantification and feature extraction
	4.2.5.3.3 Fetal diagnosis

	4.2.5.4 Fetal alcohol spectrum disorder (FASD)
	4.2.5.5 Macrosomia
	4.2.5.6 Teratogenicity



	5 ML in pregnancy diseases and complications: current state and future challenges
	5.1 Current state
	5.2 Future challenges
	5.3 Strengths of this review
	5.4 Limitations of this review

	6 Conclusion
	Author contributions
	Funding
	References


