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Abstract

Objective: Development of novel informatics methods focused on improving pregnancy outcomes remains an active area of
research. The purpose of this study is to systematically review the ways that artificial intelligence (AI) and machine learning
(ML), including deep learning (DL), methodologies can inform patient care during pregnancy and improve outcomes.

Materials and methods: We searched English articles on EMBASE, PubMed and SCOPUS. Search terms included ML, AI,
pregnancy and informatics. We included research articles and book chapters, excluding conference papers, editorials and
notes.

Results: We identified 127 distinct studies from our queries that were relevant to our topic and included in the review. We
found that supervised learning methods were more popular (n = 69) than unsupervised methods (n = 9). Popular methods
included support vector machines (n = 30), artificial neural networks (n = 22), regression analysis (n = 17) and random forests
(n = 16). Methods such as DL are beginning to gain traction (n = 13). Common areas within the pregnancy domain where AI
and ML methods were used the most include prenatal care (e.g. fetal anomalies, placental functioning) (n = 73); perinatal
care, birth and delivery (n = 20); and preterm birth (n = 13). Efforts to translate AI into clinical care include clinical decision
support systems (n = 24) and mobile health applications (n = 9).

Conclusions: Overall, we found that ML and AI methods are being employed to optimize pregnancy outcomes, including
modern DL methods (n = 13). Future research should focus on less-studied pregnancy domain areas, including postnatal and
postpartum care (n = 2). Also, more work on clinical adoption of AI methods and the ethical implications of such adoption is
needed.
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Introduction
In the field of medicine, the theory of ‘joint decision-making’
between humans and artificial intelligence (AI) holds the
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promise of promoting high-performance medicine. AI is a broad
science of simulating the natural intelligence demonstrated by
humans and animals via artificial means. Machine learning (ML)
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is a subset of AI, in the field of computer science. ML refers to
a number of methods and algorithms, and different learning
types: supervised, unsupervised and reinforcement learning
[1, 2]. In the early days of AI in medicine, AI systems were
standalone systems without direct connection to electronic
health records (EHRs). Today, medicine is progressing towards
a learning health system in which knowledge derived from
information EHR data can be directly applied to care. Digitized
clinical data in the EHR, genomics and biology present a wealth
of information, open new opportunities and come with new
challenges. AI and informatics methodologies are critical to
enabling the learning health system.

One of the ways that AI and ML can be used in healthcare is in
enabling ‘deep phenotyping’. In medicine, a disease phenotype
refers to a deviation from healthy morphology or physiology
[3]. Study of phenotypes requires knowledge of the spectrum
of phenotypes associated with a disease entity. Defining what
constitutes a diseased phenotype versus a healthy phenotype is
often challenging. Deep phenotyping disease is a step towards
precision medicine in which a comprehensive and precise
phenotyping of disease presentation takes place. The individual
components of the phenotype are observed, described and
analyzed in order to develop knowledge of human disease.
AI and ML methodologies naturally apply to characterize
phenotypes in a ‘deep’ manner including multiple methodolo-
gies (e.g. genetics, imaging, diagnostics and so forth). These
methods can exhaustively examine data with high granularity
and dimensionality and make use of the broad range of data
types that may be processed in deep phenotyping. For instance,
nuanced phenotypic traits may be more readily available
in unstructured data (e.g. clinical notes), requiring natural
language processing (NLP) to identify relative information
[4]. Several diseases and adverse outcomes during preg-
nancy (e.g. preterm birth, preeclampsia and miscarriage) have
complicated and difficult to understand etiology, leaving
little to be done for prevention [5–7]. Deep phenotyping these
patient states (i.e. pregnancy phenotypes) could help improve
adverse outcomes and provide further insight into diseases
during pregnancy.

AI and ML methods can be employed to enable deep
phenotyping, especially with regards to the pregnancy state
where many different data types are used (e.g. ultrasound
imaging, diagnostic screening, fetal monitoring, genetics). AI and
ML methods in medicine are an emerging field and have been
described in detail of its theory and current applications across
several medical disciplines [8, 9] and many disease areas and
clinical states [8, 10]. However, the use of AI to improve women’s
health, specifically during the pregnancy, has had limited clinical
use. In the 2019 International Medical Informatics Association
Yearbook of Medical Informatics, there are no research articles
focused on pregnancy and maternal health, illustrating the lack
of research focus on this important aspect of women’s health
[11]. For researchers and clinicians alike, AI techniques have
promise to derive sound results and improve care at each stage
of pregnancy [12–14].

Overall, the purpose of this study is to systematically review
the ways that AI and ML methodologies can inform patient
care during pregnancy and improve outcomes. We seek to (a)
describe which medical fields and informatics areas apply AI
and ML, (b) find where in pregnancy are these methodologies
used, (c) describe clinical decision support systems (CDSSs)
that employ AI or ML and (d) identify literature gaps for future
research.

Methods
We used the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines when conducting our
literature review [15]. See Supplementary Table available online
at https://academic.oup.com/bib for PRISMA 2009 Checklist.

Systematic review of literature

We searched three databases: EMBASE, PubMed and SCOPUS.
PubMed is a freely available database housing publications
maintained by the United States National Center for Biotech-
nology Information. PubMed facilitates searching across three
National Library of Medicine resources; the largest component is
MEDLINE, followed by content from PubMed Central (PMC) and
Bookshelf [16]. EMBASE is a bibliographic database focused on
pharmacovigilance. SCOPUS is Elsevier’s publication database
containing articles from over 36 000 peer-reviewed journals. We
used site licenses from the University of Pennsylvania libraries
to search SCOPUS and EMBASE. The initial query was broad: in
PubMed, we searched the keywords in all fields; in SCOPUS, we
searched article title, abstract and keywords; and in EMBASE, we
used quick search. On 5 December 2019, we used the following
search query to cast a wide net of potentially relevant papers for
inclusion of our review: AI AND pregnancy. On 18 February 2020,
we completed a more focused query, in order to identify papers
that focused on ML: informatics AND pregnancy AND AI AND
ML.

The PubMed interface uses Automatic Term Mapping to auto-
matically map search words to their respective Medical Subject
Headings terms [17]. After retrieving results from each database,
we removed duplicate studies using exact PubMed ID match.
When PubMed IDs were absent, we reviewed articles, comparing
title, author list and publication date to further identify duplicate
publications. We filtered the results by excluding non-English
studies, conference papers, editorials and notes.

The eligibility criteria include AI and maternal health; papers
were categorized by pregnancy stage and health concern. No
location or publication date restrictions were applied and no
unpublished papers were retained. Retrieved articles were
inspected by an independent review (L.D.), and in cases where
the eligibility of the study was unclear, it was reviewed by a
second reviewer (M.R.B.). We excluded studies for which we
were not able to gain access to the manuscripts.

Results
Systematic literature review results

First, we searched EMBASE, PubMed and SCOPUS for articles on
pregnancy and AI. We found 245 from SCOPUS, 181 from EMBASE
and 128 from PubMed. We removed duplicate studies. In total,
we found that 381 distinct research papers were retrieved on the
first query. For the second query, we found additional papers,
including 4 from SCOPUS, 4 from EMBASE and 46 from PubMed.
After removing duplicates from the new query, we had a result
set of 427 distinct papers. Of these 427 distinct research studies,
we excluded the 9 non-English studies, 124 conference papers, 4
editorials and 5 notes, resulting in a set of 285 research papers
(Figure 1).

The next step was to assess the 285 remaining research
articles for relevance. We manually reviewed the 285 articles to
determine if they met selection criteria: (1) focused on AI, (2)
related to pregnancy and (3) related to healthcare and health

https://academic.oup.com/bib
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Figure 1. PRISMA diagram showing our literature search inclusion process.

information. These inclusion criteria resulted in 127 relevant
papers. The final set contains almost four decades of research,
issued from 1982 to 2020.

Identification of themes

We grouped the studies by the stage in pregnancy: preconcep-
tion, assisted reproductive technology (ART), prenatal screening
and monitoring, preterm labor, birth and delivery (full term)
and postnatal to illustrate the different clinical areas where
AI and ML methods were applied. These areas are shown in
Figure 2; we distinguish between pregnant person and embryo,
fetus or neonate as methods are designed explicitly for each
respective concern. References to maternal and women’s health
are reflecting the terms and concepts of research included in this
paper. Pregnant people include transgender and gender non-
conforming individuals; however, no papers (n = 0 studies) define
this population explicitly.

CDSSs are explicitly described in each category where they
are present. Table 1 presents studies by pregnancy stage, with an
overview of the methodology and results. Not included in Table 1
is one evaluation of an application described in an included
paper [18], and 8 review papers, reviewing applications in the
following: general obstetrics [19], translational science [20], intra-
partum surveillance [21, 22], fetal heart rate (FHR) [23], labor
fetal assessment [24], ART [12] and mobile health (mHealth)
for antepartum care [25]. AI may help address challenges in
birth defects research. [20]. Reviews found great promise in AI
applications, but not realized in clinical care [21, 22, 25], or
missing external validation [12]. AI applications are warned as
adjunct, not replacement, of healthcare professionals [19, 23].
One review found no evidence supporting improved pregnancy
outcomes with AI applications [24]. AI methods applied are
shown in Figure 3. Refer to Table 2 for further references into
the methodologies observed in this review, along with pregnancy
and informatics domains in which these methods were applied.
Of the 127 studies, 16 applied AI and ML methods to retrospective
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Figure 2. Different stages along the pregnancy timeline where AI and ML methods are used. This figure illustrates the points of care where AI and ML have been

applied at each stage of pregnancy: preconception; artificial reproductive technologies; prenatal care; preterm birth; perinatal care, birth and delivery; and postnatal

care. Healthcare concerning the pregnant person and fetus is distinguished for ease of reading. We also include the distribution of studies by pregnancy stage to

illustrate the stages of the pregnancy with the most number of studies for easy identification of literature gaps.

EHR data. A total of 12 studies used expert systems as their AI
methods (Figure 3), and these are often older, more historical AI
methods applied to women’s health. Studies tended to focus on
the prenatal care aspect of the pregnancy (Figure 2), with more
studies focused on fetal aspects of the prenatal care (n = 50 stud-
ies) versus the maternal aspects of care (n = 23 studies). Another
popular area where AI methods were used was perinatal/birth
and delivery (15 studies focused on maternal outcomes and 5
focused on fetal outcomes). Other stages are represented to a
lesser extent, especially preconception care and postpartum care
with two studies each (Figure 2).

Pregnancy care spans across several disciplines, some of
which overlap: electronic monitoring, radiology and imaging,
mHealth, CDSS, NLP and search analytics, genetic and chromo-
somal abnormalities, pregnancy complications, labor and deliv-
ery, and postpartum care. Electronic monitoring was the most
common with 27 studies (Figure 4). Radiology and CDSS were
also popular areas for using AI methods. Informatics areas that
are only beginning to utilize AI methods for pregnancy-related
care include mHealth (n = 9), chromosomal anomaly detection
(n = 7) and NLP (n = 3).

Discussion
Mobile health

Development of provider-facing and direct-to-consumer mHealth
applications supports preconception [26], gestational disease
management [27], remote health monitoring [28], low-resource
prenatal care [29–31], text messaging [32–34], patient education
[32, 35], fetal health status prediction [36], preeclampsia predic-
tion [37] and perinatal depression [34]. A 2019 systematic review
determined mHealth applications with promising potential for
use by healthcare workers during antenatal care [25]: Babyscripts
[32], OpenSRP [29], PANDA [28], PotM [37], mHealth Guatemala

[30], Expect With Me [35], mPAMANECH [31] and COMMCARE [38].
A CDSS with mobile patient support predicts normal, patholog-
ical and potentially pathological fetal health status; significant
features found include fetal age, maternal age, blood serotype,
delivery number and illnesses regarding the current pregnancy
[36]. Together, boosted decision tree (DT), decision forest (DF)
and decision jungle were found to be the most efficient.

Direct-to-consumer mHealth applications have potential to
increase engagement and empower pregnant people in their
healthcare. Three studies arose, focusing on predicting the fer-
tility window [26], text mining to understand communications
with a sexual and reproductive health information service [33]
and a mHealth text messaging system for perinatal depres-
sion [34]. It should be noted that in these studies the authors
declare financial conflict of interest. A text mining approach
was developed using naïve Bayes (NB) and basic NLP techniques,
to understand how Kenyan men and women communicated
with askNivi, a free sexual and reproductive health information
service [33]. The users wrote most often about family planning
methods, contraception, side effects, pregnancy, menstruation
and sex. A majority of users sought factual information, followed
by requests for advice and reporting symptoms. A prototype
mHealth text messaging system for perinatal depression, Tess,
was tested with mothers recruited from public hospitals outside
of Nairobi, Kenya [34]. Prediction of a woman’s fertile window
through data received by a wearable bracelet achieved 90% accu-
racy using a random forest (RF) classifier [26]. A prospective
longitudinal study determined what phase-based differences a
wearable bracelet could detect in users’ wrist skin tempera-
ture, heart rate, heart rate variability, respiratory rate and skin
perfusion [26].

Applications address the needs of the pregnant person, sup-
port clinical care and often aim to limit in-person visits without
compromising quality of care. Post the COVID-19 lockdown,
development and application of mHealth and telehealth for
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Figure 3. AI methods used in studies included in review. ML methods are ordered by frequency and further categorized by supervised and unsupervised learning

methods. Totals here do not equal the number of included papers, as studies often demonstrate several methods.

Figure 4. Informatics areas utilized by included studies. Because a study may utilize multiple domains (e.g. NLP + Radiology), there may be overlap across domains for

a given study. For example, mHealth applications overlap multiple domains.

pregnancy care, especially for pregnancy with comorbidities [39,
40], will be needed to provide adequate care while reducing
exposure during prenatal care.

NLP and search analytics

A wealth of data is accessible through social media,
including health behaviors and health outcomes. NLP
techniques were applied to user-generated Twitter data to
estimate and track the incidence of pregnancy [41] and collect
data on birth defect outcomes [42]. Support vector machine
(SVM) was used to infer health events associated with individual

users and found pregnancy to be the most commonly identified
medical condition [43]. NLP techniques and SVM were applied
to automatically classify eligibility criteria in ClinicalTrials.gov
to facilitate patient-trial matching [44]. A great tool for public
health and pharmacovigilance, NLP can analyze unstructured
health data, improve EHR usability, and facilitate interoperability.

Assisted reproductive technology

AI assessment of embryo images or videos has great potential
to improve ART outcomes. Applications guide identification
of embryos from the culture medium during early human

ClinicalTrials.gov
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in vitro development [45], raw time-lapse videos/images of
embryos [46–48] and in vitro fertilization (IVF) EHR data [49,
50]. Evaluation of morphokinetic time-lapse microscopy data
depends on the experience and knowledge of embryologists—
this work is highly subjective with a lack of standardization.
Applications may reveal details of embryo morphology imper-
ceptible to the human eye or predict successful pregnancy
by integrating other relevant health data points. DL can
determine robust quantitative imaging biomarkers for embryo
selection, improve therapy outcomes and reduce clinical
burden.

Assisted Reproductive Technology CDSS

A convolutional neural network (CNN) was implemented to
select highest quality embryos using a large collection of human
embryo time-lapse images from a high-volume fertility center in
the United States [48]. This 22-layer deep model resulted in the
trained algorithm called STORK. STORK performed well on addi-
tional datasets of embryo images from two other IVF centers. Dif-
ferent grading systems (i.e. unstandardized) across clinics affect
performance; STORK demonstrated lower performance for one
clinic dataset and therefore lower generalizability. For embryo
selection, STORK outperformed individual embryologists in
assessing embryo image quality. However, STORK could not pre-
dict positive and negative live births using embryo morphology
alone.

Medical imaging in pregnancy

Fetal development

Applications of AI have targeted fetal development: predicting
fetal health status [36], improving fetal brain imaging [51–53]
and other fetal anatomy [54, 55]. Semi-automated learning-
based framework approach reported to improve gestational age
prediction, with accuracy of ±6.1 days, using DF on structural
brain image and clinical data [56]. AI has been applied to improve
knowledge and treatment of ectopic pregnancy, using ML
classifiers [57] and using gene stability algorithms [58]. Studies
aim to improve imaging of fetal organ development with virtual
organ computer-aided analysis (VOCAL) [55], texture analysis
[52] and CNN [53, 59]. Three studies observe EHR data; higher
performing classification ML approaches used in these studies
include DF [36, 56] and SVM [57].

Placental functioning

Placental health is deeply connected with maternal–fetal health
and plays an essential role in supporting fetal development [60].
Placental function and characteristics have been observed with
VOCAL with 3D power Doppler, blood oxygen level-dependent
magnetic resonance imaging (BOLD-MRI) [61, 62], ultrasound
images [63] and CNN [64]. Research focuses on improving placen-
tal pathology and sufficiency knowledge [62], placental volume
imaging methods [61, 65] and placental maturity identification
[63]. BOLD-MRI has gained attention as a promising non-invasive
technique to monitor placental function in vivo; however, the use
in practice is limited.

Diagnostic imaging CDSS

The prenatal diagnosis rate of major congenital heart defects
remains low most likely due to the downfalls of manual naviga-
tion during sonographic screening, as it is operator-dependent,
challenging and time-consuming. The Fetal Intelligent Navi-
gation Echocardiography (FINE) method provides visualization

of standard fetal electrocardiogram (fECG) views from volume
datasets obtained with spatiotemporal image correlation, aim-
ing to consistently display diagnostic planes, regardless of fetal
position or initial orientation [54]. The Virtual Intelligent Sonog-
rapher Assistant tool was developed to visualize specific struc-
tures in the complex anatomy of the fetal heart. When applied
to four abnormal cases, the FINE method demonstrated evidence
of abnormal fetal cardiac anatomy in multiple fECG views.

Genetic screening and chromosomal abnormalities

Definitive prenatal diagnosis of genetic disease is performed
via invasive procedures, specifically amniocentesis or chori-
onic villus sampling. Risks include miscarriage, fetal morbidity,
parental anxiety and Rh sensitization [66]. Non-invasive pre-
natal tests (NIPTs) hold no such risks and usually tests only
for trisomy 21 (T21). Trisomies 18 (T18) and 13 (T13) are the
second and third most common trisomies after T21. Expansion
of NIPT could include screening for T18 and T13 [67, 68] and
other chromosomal abnormalities (OCA) [69, 70]. A number of
ML techniques were applied to improve chromosomal screening,
including artificial neural network (ANN) [69, 70]; SVM [70, 71];
k-nearest neighbor [70, 71] and deep NN, RF, NB, DT and logistic
regression (LR) [71]. Studies comparing methods found NN meth-
ods to perform best [70, 71]. AI methods were applied to optimize
detection of relatively small mutations at a low sequencing cost
[72]. In order to build a ‘metabolic fingerprint’ resulting from
congenital anomalies of the central nervous system, ensemble
learning was applied to characterize maternal serum [73].

During pregnancy, the pregnant person and the fetal–
placental unit produce cell-free DNA (cfDNA). Using next
generation sequencing, a SVM model demonstrated high
accuracy for cfDNA testing [74]. Genome-wide cfDNA analysis
detected OCA with high sensitivity, in comparison with standard
cfDNA screening [75]. A proposed two-stage routine procedure,
with combined tests, invasive tests and cfDNA tests, achieved
high detection rate for T21 cases and proved to be minimally
invasive and of relatively low cost [76].

Chromosomal screening CDSS

Nuchal translucency (NT) measurement, a well-established
ultrasonographic marker for fetal aneuploidy screening, can
vary greatly and as a result impair screening performance. The
performance-adjusted risk (PAR) method allows for these dif-
ferences in measurements and improves performance [77]. PAR
analyzes individual provider and laboratory marker distribution
parameters, compares with national expectations and then
assigns a handicap. NT and serum markers are considered in the
method, using commercially available software and knowledge
from meta-analysis of published literature. The PAR method
informs providers of their handicap and their performance in
relationship to others.

Electronic monitoring

The FHR signal is more complicated to identify than the adult
signal, and therefore, there has been an effort to improve
methods to detect, sample and quantify the FHR signal
accurately. Computer analysis of the FHR is categorized into
three stages: (1) raw signal processing, (2) pattern analysis and
(3) expert/intelligent systems [23]. Early computer programs
only identified deceleration patterns and outcomes of normal,
warning or ominous patterns. Studies apply AI methods to ECG
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[78–84], magnetocardiography (MCG) [85, 86] and cardiotocogram
(CTG) [87–90]. In attempt to improve fetal signal extraction
from ECG and MCG recordings, several supervised learning
methodologies were proposed: adaptive neuro-fuzzy inference
(ANFIS) [79, 84] and time–frequency analysis [81]. Unsupervised
learning techniques were applied: independent component
analysis [78, 83, 85, 86], principle component analysis [46, 91]
and Kalman filtering [82]. Moreover, studies applied a variety of
ML methods to classify CTG signals and determine fetal state,
with best performances demonstrated using SVM [87, 89], DL
[90] and RF [88].

Fetal monitoring and diagnostic CDSS

A portable prototype expert system detected modeled fetal
arrhythmias with 88% accuracy and could be applied to
scenarios where there is an insufficient number of experts and
a large number of patients [84]. The prototype uses ANFIS to
extract fECG from thoracic and abdominal signals, extracts the
FHR and then detects fetal arrhythmia through an expert system
based on production rules.

Pregnancy complications

Maternal diagnosis during pregnancy

Accurate prediction methods and diagnosis during prenatal care
allow health professionals and prospective parents detect prob-
lems with the pregnancy as early as possible. Some studies
investigate patient comorbidities including gestational diabetes
mellitus [18, 27, 92–97], gestational hypertension disorders [98–
100] and bacteriuria [101]. Studies aim to predict and classify dis-
ease in early pregnancy, improve screenings and provide clinical
decision support for disease management. Methods proposed
include rule-based [27, 97], Bayesian networks [18, 94, 95], ANN
[92, 98, 101], evolutionary radial basis function network [93],
genetic algorithm [99], expert systems [94, 96] and DT [96].

Preterm birth

Concerning preterm birth, studies focus on cervix-related risk
[102, 103], classifying true preterm labor [104, 105], determining
neonate mortality and prognosis [106, 107], predicting preterm
birth risk [108–111], professional learning [112], estimating post-
natal gestational age [113] and improving knowledge of gene
regulatory elements in the placenta [114]. In 1982, Grignolio [106]
presented a method to predict neonate mortality of premature
newborns, using multiple regression. In 1990, Andersen et al.
[115] found that shorter cervical length (CL) was associated with
a high risk of preterm delivery. Woolery [108, 116] developed a
clinical knowledge base for preterm birth risk assessment and
developed an expert system for preterm birth risk assessment
of pregnant women.

For pregnancy and labor contraction classification, studies
found that AI methods improve diagnosis from EHG records,
including polynomial classifiers [104], feature selection using
binary particle swarm optimization with quadratic discriminant
analysis [105] and a ridge extraction method [117]. Cervix
properties were observed using AI methods to determine
material properties [103] and CL [115]. Perinatal outcome
was predicted with a DL model interpreting amniotic fluid
metabolomics and proteomics in asymptomatic pregnant
women with short CL [109]. SVM was applied to predict genome-
wide placental enhancers, in order to further the understanding

of placental dysfunction and implications of preterm birth and
preeclampsia [114].

Two studies turn to EHR data to determine preterm birth risk,
using ANN, LR, RF [110] and recurrent neural networks [111].
Both studies found associations with preterm birth risk and
hypertensive disorders, as well as CL.

CDSS for pregnancy complications

Ectopic pregnancy can be potentially life-threatening, and there-
fore, early diagnosis and treatment of the condition are needed.
A three-stage classifier (3SC) developed finds and limits diag-
nostic errors and then assists clinicians in choosing the initial
treatment of ectopic pregnancy [57]. The model was evaluated
across four algorithms: SVM, NB, DL and auto multilayer percep-
tron (MLP). 3SC achieved the best performance, in comparison
with single-stage classifiers.

At the event of fetal–maternal hemorrhage, the standard clin-
ical method to quantify fetal and maternal red blood cells (RBCs)
is the Kleihauer–Betke test, which is performed by a certified
technologist. The automated system can count over 60 000 RBCs
within 5 minutes, versus a technologist counting ∼2000 in about
15 minutes [118].

The Apgar score [119, 120] evaluates the condition of new-
borns in their first minutes of neonatal life. However, the score is
not intended as a prognostic value; it has limitations and is often
highly subjective, depending largely on the clinical experience of
the evaluator. The prognostic value of the Expanded Apgar Score
Form [121] was studied, observing the early death incidence in
preterm newborns [107]. The chi-square automatic interaction
detection classification tree generated decision rules based upon
clinical data. The concentration of the oxygen applied during
resuscitation was found to be an important criterion to neonatal
outcome.

An open-source simulator, called NICeSim, was developed
to aid health professionals to better understand the treatment
and prognosis of premature newborns admitted to the neonatal
intensive care unit [112]. The system allows for flexibility and
provides alterations of the chosen variables. The attributes used
to calculate death risk include Apgar scale, respiratory distress
syndrome, gestational age and birth weight. Sufficient predictive
power was demonstrated; ANN achieved better accuracy and
specificity, whereas SVM performed better sensitivity. Important
attributes are most likely absent as the ML model uses four
attributes for a complex problem.

Perinatal care, birth and delivery

Fetal weight estimation

Clinicians and prospective parents want to be informed about
the well-being of the unborn infant. AI applications observe
infant growth and health status from imaging and maternal EHR
data history. ML methods were applied to predict babies’ birth
weight, using LR [122, 123], MLP [123] and fuzzy logic support
vector regression [124], RF [122], Bayesian models [122, 125] and
generalized boosted model [122]. The studies predict weight
using EHR data [123, 124, 126], amniotic fluid [125], ultrasound
images [122] and CTG traces [127].

Contraction classification

When extracting the FHR from an ECG recording, uterine con-
tractions during labor can introduce significant noise. In order
to improve perinatal knowledge and outcomes, AI has been
applied to estimating date of delivery [115], route of delivery
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[128–131], fetal health prognosis [132] and length of labor [133].
Methods were been developed to provide perinatal knowledge
[134], improve fetal monitoring and assessment [87–89, 117, 135–
139] and classify true labor contractions [140]. A single paper
employed unsupervised ML, using k-means clustering [139]. A
2015 systematic review found no strong evidence that the use
of CTG with an expert system has an effect on the incidence of
cesarean delivery nor a reduction in the incidence of forceps-
assisted vaginal birth [24].

Route of delivery

Solely based upon FHR traces, models were developed to improve
classifying route of delivery [129, 131] and classifying pregnancy
and labor contractions [105]. Performance varied between ML
techniques and number of features included in models; using 13
features, the DL classifier demonstrated the best performance,
while selecting 8 features, the RF classifier performed best [129].
An ensemble classifier of three ML techniques, FLDA, RF and
SVM classifiers, allows the strength of each model to be used
to classify between cesarean section and vaginal delivery types
[131].

Models take advantage of available EHR data in conjunc-
tion with labor monitoring data. Another study found that an
aggregation double-layer SVM model using contextualized EHG
parameters performed best to distinguish patients that will
achieve spontaneous labor before the end of their full term
from those that will require late-term induction of labor based
upon EHG signals and obstetrical parameters [128]. Obstetrical
parameters include maternal age, BMI, gestations, parity, Bishop
score and days of gestation at recording moment.

CDSS for birth and delivery

The Adana System applied ANN to classify between cesarean
section and vaginal delivery, including input variables of
maternal characteristics and labor information [130]. Predicting
route of delivery can inform care, allow appropriate allocation
of resources and improve pregnancy outcomes.

Postpartum

During the postpartum period, many mothers try to cope with
physical, social and psychological changes [141, 142]. Postpar-
tum depression (PPD) affects an estimated 13–19% of women
who have recently given birth [143]. Wang et al. [144] applied
several ML models to predict PPD using EHRs and found several
associated risk factors: race, obesity, anxiety, depression, antide-
pressants and anti-inflammatory drugs during pregnancy and
different types of pain [144].

Unintended consequences and AI ethics

The potential of AI for pregnancy care exists but not without
its barriers and potential pitfalls. Challenges include dataset
shift, discriminatory bias, generalizability, poor clinical applica-
bility, accidental fitting of cofounders and unintended negative
consequences on health outcomes [145].

For instance, no papers were retrieved concerning trans-
gender and gender non-conforming pregnancy. We also per-
formed another literature search and found that there were no
transgender-related AI studies on pregnancy. Many transgender
men and gender non-conforming individuals (assigned female
at birth) retain the capacity to become pregnant, use contra-
ception, desire to become pregnant and give birth, and there

are some case studies on this process [146, 147]. Little research
focuses on the reproductive needs of this population [146, 148–
150] and stigma can lead individuals to avoid seeking medical
care or disclosing medically relevant health information [151].
Transgender individuals are likely to have unique needs sur-
rounding pregnancy health and psychosocial health (e.g. gender
dysphoria, lactation following chest surgery or binding, hormone
replacement therapy) [151]. It would not be ethical to employ off-
the-shelf AI methods designed for gender-conforming popula-
tions to those that were transgender or gender non-conforming
populations.

It is unrealistic to assume that AI applications in health are
ethically neutral. AI technology has the capacity to violate the
basic rights of individuals, such as learning patterns from past
clinical care that might increase discrimination (e.g. structural
racism), violate privacy and inadvertently create inequalities in
care. Unintentional discrimination (e.g. vulnerable populations,
sexism and racism) need to be proactively accounted for in
algorithms [152, 153], especially given that algorithms utilize
data collected in the past that may be unintentionally biased in
various ways. For patients and healthcare providers, individuals
need a good understanding of the algorithm’s decision-making
in order to have agency over the derived clinical decisions. In
congruence with current best practices, AI needs to provide
room for healthcare providers to influence the decision-making
process. The patterns underlying AI decisions should also be
made transparent to researchers for them to understand the
potential biases underlying these algorithms.

Limitations and future work

We used ‘pregnancy’ as one of the search terms for identify-
ing relevant papers. Therefore, preconception and postpartum
studies were only included if they also discussed a pregnancy
element. This may have lowered the overall number of studies
focused on preconception and postpartum stages of pregnancy
included in our literature review. Preconception care and post-
partum care encompass healthcare beyond the scope of this
particular review, and therefore, this study does not represent
AI and ML applications in the entirety of these fields. Studies
included in our review do not explicitly report the gender of their
patients; therefore, it is unclear how many transgender patients
may have been included in the research studies that we cite.

Conclusion
We found that AI and ML methodologies are used to help inform
pregnancy outcomes. Of which 16 took advantage of EHR data
to derive sound and reliable information about maternal and
fetal health—illustrating the need to increase research using
EHR data. Applications of mHealth were used in nine studies in
the following areas: preconception [26, 33], during gestation [27,
36, 93, 96, 97, 154] and postpartum [34]. Unsupervised methods
were limited to automated EHR and contraction monitoring [78,
82, 83, 85, 86, 139], imaging [46], genetics [91] and trisomy screen-
ing [69] applications. Research aimed to detect anomalies and
diagnoses earlier, inform practice and support patients, improve
fetal and maternal health knowledge, deep phenotype obstetric
complications and automate aspects of current practice.

Past reviews of AI applications in pregnancy research and
healthcare have described great potential but little realization
in the clinical setting. While the papers in our review did not
describe adoption explicitly in the clinical setting, the variety
of CDSS (n = 24) and mHealth applications (n = 9) in our review
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illustrate the effort to translate AI into clinical care. Low adoption
of AI in clinical care in the pregnancy domain may likely be
due to liability questions in case of medical error that remain
unresolved—especially for so-called black-box algorithms. More
research on maternal healthcare is needed, with only 31% of
prenatal stage papers focused on maternal needs. In addition,
future research should proactively account for unintentional dis-
crimination in algorithms. Potential pitfalls need to be accounted
for in development of AI algorithms, in order to prevent adverse
events and negative clinical impacts. Greater use of unsuper-
vised methods may be appropriate with only nine studies using
this approach but could be limited by the interpretability of
their results. DL has begun to gain traction in recent years
[10]—unsupervised ML and DL naturally apply well to imaging
analysis and large datasets in biomedicine. The amalgamation of
supervised and unsupervised learning (i.e. semi-supervised ML)
could be valuable, as labeling data for supervised ML methods
is time-consuming and expensive. AI and ML methods can be
successfully employed to optimize pregnancy outcomes; with
proper algorithmic improvement, refinement and ethics results,
these methods could be incorporated into clinical care.

Key Points
• Artificial intelligence and machine learning methods

can be successfully employed to optimize pregnancy
outcomes.

• Supervised methods are the most common approach,
and deep learning methods are gaining traction.

• Future research should focus on less-studied areas:
maternal healthcare needs, postpartum care, preg-
nancy care for transgender individuals and in algo-
rithmic improvement, refinement and translation of
results back into clinical care.
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