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Abstract 

Background: Maternal mortality remains a major global health challenge, disproportionately 
affecting black and Indigenous women. Hypertensive disorders of pregnancy and postpartum 
hemorrhage are leading direct causes of maternal death. Artificial intelligence (AI) tools have 
emerged as potential strategies for predicting these complications, yet concerns persist about their 
equity and validation across racial groups. Methods: A rapid review was conducted in five databases 
PubMed, EMBASE, Web of Science, Scopus and LILACS to synthesize recent evidence on the use of 
AI for preventing maternal mortality due to hypertension and postpartum hemorrhage. Studies 
published in the last five years that included racial or ethnic data were selected and analyzed 
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narratively. Results: Ten studies met the inclusion criteria, showing high predictive accuracy of AI 
models (AUROC often >0.95) for severe maternal outcomes. However, few models incorporated 
racial variables or underwent external validation in racially diverse or low-resource populations. 
Evidence suggests that unrepresentative datasets may perpetuate or exacerbate existing health 
inequities. Conclusions: AI demonstrates strong technical performance in predicting maternal 
complications but limited equity in application. Broader racial representation, external validation, 
and ethical governance are essential for ensuring that AI-based tools reduce rather than reinforce 
racial disparities in maternal mortality. 

Keywords: artificial intelligence; hypertension; postpartum hemorrhage; maternal mortality; racial 
disparities in health 
 

1. Introduction 

Maternal mortality remains a global and highly unequal public health problem: in 2023 
approximately 260,000 women died from causes related to pregnancy and childbirth, with more than 
90% of these deaths concentrated in low- and middle-income countries, most of which are 
preventable with adequate obstetric care. These recent estimates highlight not only the magnitude of 
the problem, but also how inequalities in access to health services increase the risk of maternal death 
in vulnerable populations [1]. 

The main direct causes of maternal death continue to be postpartum hemorrhage (PPH) and 
hypertensive disorders of pregnancy (pre-eclampsia and eclampsia). Severe postpartum hemorrhage 
accounts for a large proportion of immediate maternal deaths, frequently due to uterine atony or 
obstetric causes amenable to rapid intervention; pre-eclampsia/eclampsia is associated with multiple 
organ failure and seizures, and is responsible for tens of thousands of maternal deaths annually. 
High-impact literature and recent syntheses reinforce that the combination of late detection, lack of 
supplies (e.g., magnesium sulfate), and delays in interventions contribute to these outcomes [2,3]. 

Proven clinical interventions reduce mortality from these causes: the administration of 
magnesium sulfate decreases the risk of eclampsia among women with severe pre-eclampsia, while 
agents such as tranexamic acid and active management protocols of the third stage reduce deaths 
from postpartum hemorrhage when applied promptly. However, the universal implementation of 
these measures faces limitations in infrastructure, professional training, and supply chain, especially 
in contexts with lower capacity for obstetric care [3,4]. 

National and multicenter studies have shown that hypertensive disorders of pregnancy (pre-
eclampsia/eclampsia and chronic hypertension) are important causes of maternal death and that the 
prevalence and adverse outcomes are disproportionately higher among black women; analyses of 
large hospital databases demonstrate that hospitalizations with a diagnosis of PPH have a higher 
prevalence and a greater share in maternal deaths, indicating an increased burden in these groups 
[5]. 

Research investigating social and environmental determinants shows that non-Hispanic Black 
women have substantially higher rates of hypertensive disorders, for example, in cohorts analyzed, 
PPH rates reached 32% among Black women vs. 23% among white women, and that contextual 
factors (residential segregation, chronic stress, socioeconomic deprivation) explain part, but not all, 
of this difference, pointing to structural determinants that increase the risk [6]. 

Regarding PPH, recent epidemiological studies show an increased risk of PPH in women from 
minority ethnic groups, with the highest elevation observed among black women, which implies a 
greater likelihood of severe hemorrhagic events and the need for interventions; these findings 
highlight the obstetric vulnerability of black women to hemorrhagic complications [7]. 

In addition to the higher incidence, there is evidence of inequality in management: retrospective 
cohorts that evaluated patients with postpartum hemorrhage and transfusion reported that black 
patients are less likely to receive anti-hemorrhagic interventions at higher levels (e.g., late access to 
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hemostatic agents or definitive procedures), suggesting that the disparity in treatment contributes to 
worse maternal outcomes in this group [8]. 

Surveillance studies and analyses of maternal deaths in low- and middle-income settings have 
also documented a similar pattern: recent assessments of deaths from postpartum hemorrhage and 
hemorrhage point to higher concentrations of deaths among black, Indigenous, and women from 
more vulnerable areas, with a large proportion of deaths occurring in the immediate postpartum 
period and with signs that delays in detection and clinical response (even among patients who 
received prenatal care) contribute to lethality [9]. 

In recent years, promising evidence has emerged regarding the role of artificial intelligence (AI) 
tools in preventing maternal outcomes, for example, predictive models for the risk of pre-eclampsia 
or hemorrhage, algorithms that analyze vital signs in real time, and early warning systems (EWS) 
that signal early maternal deterioration. Recent reviews show high performance in retrospective 
studies and potential reductions in adverse events when AI systems are integrated into perinatal care 
flows, although most solutions still need multicenter validation, clinical impact assessment, and cost-
effectiveness studies [10,11]. 

However, enthusiasm for AI coexists with concrete risks of reproducing and amplifying ethnic-
racial inequalities: algorithms trained on unrepresentative databases or those contaminated by 
historical biases may underestimate risk in minority groups, allocate resources unequally, or 
recommend inappropriate conduct. Reviews and studies on algorithmic justice document multiple 
mechanisms, biased data, spurious proxies, and performance evaluations not stratified by race/skin 
color that lead to worse outcomes for Black, Indigenous, and other minority populations. Recent 
reports in the literature and scientific press also show cases where AI tools decrease sensitivity to 
symptoms in women and ethnic minority groups, which, in obstetrics, can translate into delays in 
recognizing pre-eclampsia or hemorrhage [12,13]. 

In recent years, the incorporation of AI-based tools has been proposed as an innovative strategy 
for the prevention of adverse maternal outcomes, especially due to its ability to predict early risks of 
pre-eclampsia and postpartum hemorrhage from large volumes of clinical and vital data. Predictive 
models and early warning systems have been demonstrating promising results in highly complex 
contexts, indicating potential to reduce delays in interventions and save lives [10,11]. 

Therefore, the responsible implementation of AI in the prevention of maternal mortality 
requires: (1) large and representative databases; (2) external validation and performance evaluations 
stratified by race, socioeconomic level, and place of care; (3) model transparency and continuous 
clinical supervision; and (4) public policies that prioritize equity, training, and infrastructure so that 
AI functions as a tool for reducing inequalities, and not as a mechanism for deepening them. This 
combined agenda of science, regulation, and equity is a condition for algorithms to truly contribute 
to the reduction of deaths from postpartum hemorrhage and hypertensive disorders [3,10,12]. 

However, there is a critical gap in the scientific literature on how AI can reproduce or mitigate 
racial and ethnic inequalities in maternal health. Most models developed to date are trained on 
databases predominantly composed of white women from high-income countries, raising concerns 
about the generalizability of the algorithms and their accuracy in racially diverse populations. This 
lack of representativeness may result in underestimation of risk in Black and Indigenous women, 
contributing to perpetuating historical inequities already documented in obstetric care [12,13]. 

The intersection of AI, maternal health, and racial equity is a research field advancing at an 
exponential rate. Technological innovations emerge faster than the scientific community’s capacity 
to evaluate them through traditional systematic reviews, which can take years to complete. To 
address this need for timely knowledge without sacrificing methodological rigor, this study adopts 
the format of a rapid review. This approach, recognized for its ability to produce syntheses of 
evidence quickly [14], is particularly suitable for mapping an emerging body of literature, identifying 
key ethical and methodological challenges, and urgently guiding the development of fairer policies 
and technologies. The specificities and limitations inherent in this methodological choice are 
discussed transparently in the subsequent sections. 
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Therefore, it becomes necessary to describe and critically analyze the racial inequalities 
associated with the use of AI in the prevention of maternal mortality, particularly in cases of 
gestational hypertension and postpartum hemorrhage, which remain among the leading causes of 
preventable death. Understanding these disparities is essential for the development of equitable 
technological solutions that incorporate principles of algorithmic justice, data diversity, and ethical 
governance. Thus, this study aims to describe, through a review of national and international 
literature on racial inequalities in the manipulation of AI tools as a means of preventing maternal 
mortality due to hypertension and postpartum hemorrhage. 

2. Materials and Methods 

A rapid literature review was conducted with the aim of synthesizing evidence on the use of AI 
tools in preventing maternal mortality due to gestational hypertension and postpartum hemorrhage 
in black women. This rapid review followed systematic review principles but applied predefined 
methodological simplifications such as restrictions on publication period, languages, and scope of 
the search to enable the accelerated production of evidence, as recommended for rapid review 
methodologies [14]. The protocol for this review can be found on the Open Science Framework - OSF 
platform (https://doi.org/10.17605/OSF.IO/B76MS). 

The research question was constructed based on the PICO acronym [15], considering pregnant 
and postpartum women as population (P); the use of AI tools, predictive models or monitoring 
systems as exposure/intervention (I/E); standard care without AI or non-racialized populations as 
comparator (C); and maternal mortality due to gestational hypertension or postpartum hemorrhage 
as outcome (O). 

Inclusion criteria were established that encompassed studies published in the last five years, in 
English, Portuguese or Spanish. In addition to studies that presented data stratified by race, studies 
that, while not providing specific quantitative analyses on race, explicitly discussed issues of racial 
inequality, algorithmic bias, or the need for validation of artificial intelligence in racialized 
populations were also included. These studies were considered relevant because they conceptually 
contributed to the understanding of the ethical, methodological, and equity implications of applying 
AI to maternal health. Thus, the review encompasses both empirical evidence and critical analyses 
that address the interface between AI and racial inequalities in the prevention of maternal mortality. 
Exclusion criteria included studies without racial distinction, without maternal and obstetric 
application of AI, single case reports, editorials or letters to the editor without empirical data, and 
works without access to the full text. 

The search was conducted in the U.S. National Library of Medicine (PubMed)/Medical 
Literature Analysis and Retrieval System Online (MEDLINE), Excerpta Medica dataBASE 
(EMBASE), Web of Science, Scopus, and the Latin American and Literatura Latino-Americana e do 
Caribe em Ciências da Saúde (LILACS) databases. A combination of controlled vocabulary 
(MeSH/DeCS) and free-text terms related to maternal mortality, hypertensive disorders of pregnancy, 
postpartum hemorrhage, artificial intelligence, and racial or ethnic inequalities was used. Search 
strategies were adapted to the syntax and indexing standards of each information source, following 
the same conceptual structure. Below, we present the example of the strategy applied in PubMed: 
(“Maternal Mortality”[Mesh] OR “Maternal Mortality”[tiab] OR “maternal death”[tiab] OR 
“maternal deaths”[tiab]) AND (“Hypertension, Pregnancy-Induced”[Mesh] OR “Pre-
Eclampsia”[Mesh] OR “Eclampsia”[Mesh] OR “Postpartum Hemorrhage”[Mesh] OR “hypertensive 
disorders of pregnancy”[tiab] OR “pregnancy-induced hypertension”[tiab] OR “gestational 
hypertension”[tiab] OR “pre-eclampsia”[tiab] OR “preeclampsia”[tiab] OR “eclampsia”[tiab] OR 
“postpartum hemorrhage”[tiab] OR “post-partum hemorrhage”[tiab]) AND (“Artificial 
Intelligence”[Mesh] OR “Machine Learning”[Mesh] OR “Algorithms”[Mesh] OR “Decision Support 
Systems, Clinical”[Mesh] OR “artificial intelligence”[tiab] OR “machine learning”[tiab] OR 
“predictive model”[tiab] OR “predictive models”[tiab] OR “risk stratification”[tiab] OR “clinical 
decision support”[tiab]) AND (“Ethnic Groups”[Mesh] OR “African Continental Ancestry 
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Group”[Mesh] OR “Health Status Disparities”[Mesh] OR “racial disparities”[tiab] OR “ethnic 
disparities”[tiab] OR “racial inequality”[tiab] OR “ethnic inequality”[tiab] OR “Black women”[tiab] 
OR “women of African descent”[tiab]). 

The selection of studies occurred in two stages. Initially, titles and abstracts were screened using 
web Rayyan [16], which allowed for the rapid marking of potentially eligible studies and the 
identification of divergences between reviewers. Two independent reviewers conducted the 
screening, and divergences were resolved by consensus or with the intervention of a third reviewer 
when necessary. Subsequently, the full texts were evaluated according to the inclusion and exclusion 
criteria, recording the reasons for exclusion of each study. A flowchart adapted from the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) was developed to document 
the selection process [17]. 

Data extraction was performed using a standardized form that captured the following domains: 
(1) bibliographic information (author, year, country); (2) methodological characteristics (study 
design, sample size, population characteristics); (3) details of the AI intervention or model (type of 
algorithm, input variables used, validation procedures, performance metrics); (4) racial and ethnic 
variables (categories used, proportion of Black or Indigenous women, stratified results, and whether 
race/ethnicity was included as a predictor or effect modifier); (5) maternal outcomes related to 
hypertensive disorders or postpartum hemorrhage; (6) reported measures of association or predictive 
performance stratified by race/ethnicity; and (7) equity-related elements, such as identification of 
algorithmic bias, data representativeness, or unequal model performance across racial groups. The 
form also included fields for study limitations, gaps identified, and authors’ recommendations for 
equity and AI governance. Data extraction was performed by one reviewer and independently 
checked by a second, with disagreements documented and resolved by consensus. 

The analysis of the studies consisted of a descriptive narrative synthesis. The studies were 
grouped by type of AI intervention, racial population, type of outcome (hypertension or 
hemorrhage), and geographic context. Summary tables were presented with study characteristics, 
measures of association, and findings specific to the racial population. Gaps in evidence, 
methodological heterogeneity, and reported limitations in the studies were identified, including the 
absence of data by race, a reduced number of Black participants, and a lack of validation of AI in 
racialized populations. The interpretation considered both the effects of AI and aspects related to 
racial equity in maternal outcomes. 

The presentation of the results included a detailed description of the number of studies 
identified, included and excluded, distribution by country, racial population, type of AI and outcome, 
and a selection flowchart. The findings were discussed in the context of racial inequalities, 
emphasizing studies that reported specific data on Black women, highlighting where knowledge 
gaps persisted. The limitations of the rapid review were explained, including the restricted search to 
certain databases, the absence of grey literature, and possible biases arising from screening by a single 
reviewer, as well as the absence of meta-analysis. 

Since this is a review of published literature, no primary data was collected, therefore approval 
by an ethics committee was not required. However, ethical criteria were observed regarding respect 
for copyright, integrity in data presentation, and inclusive and sensitive language concerning 
racialized populations. Transparency regarding the abbreviated steps and methodological limitations 
was also ensured, so that readers could adequately assess the reliability and applicability of the 
findings. 

3. Results 

Initially, 3,300 records were identified in the databases. Before screening, 3,144 records were 
removed: 2,506 due to duplication, 600 deemed ineligible by automated tools, and 38 excluded for 
other reasons. After this stage, 156 records were analyzed, of which 114 were deleted, leaving 42 
reports evaluated for eligibility. Of these, 32 were excluded for not meeting the inclusion criteria: 12 
did not address artificial intelligence, 10 did not address maternal mortality, hypertension, or 
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postpartum hemorrhage, and 10 did not present data on racial inequalities or vulnerable populations. 
At the end of the process, 10 studies were included in the review. 

 

Figure 1. Flowchart of the process for identifying, screening, determining eligibility, and including studies in 
the review. 

The presentation of the results was descriptive, narrative, and visual, seeking to integrate 
quantitative and qualitative aspects of the included studies. The evidence was synthesized in tables, 
charts, and figures to facilitate understanding of the main characteristics, gaps, and thematic 
implications. Initially, a descriptive table was created containing the main information from the 
included studies: author, year, country, design, type of intervention or exposure, and main findings, 
allowing for a panoramic view of the available evidence on the use of AI in preventing maternal 
mortality due to hypertension and postpartum hemorrhage. 

To support the spatial analysis of scientific production, a thematic world map was developed, 
representing the geographical distribution of the included studies by country and continent. The map 
was designed in a minimalist style, highlighting the countries where the research was conducted 
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(United States, United Kingdom, Iran, Kenya, and global multicenter studies), allowing visualization 
of regional asymmetries in scientific production on the topic, as illustrated in Figure 2. 

The ten studies included in the review were predominantly conducted in the United States (n=4), 
followed by the United Kingdom (n=2), Iran (n=1), and Kenya (n=1), in addition to two multicenter 
or global studies (n=2). The thematic map illustrates this geographical distribution, highlighting the 
predominance of research in high-income countries, especially in North America, with emphasis on 
the United States, where the most robust databases and the most developed artificial intelligence 
models are concentrated. In Europe, the significant presence of the United Kingdom is observed, 
which also stands out in the production of studies focused on the validation of predictive models in 
maternal health. In Asia, there is a punctual representation of Iran, while in Africa only Kenya was 
identified as a research setting, reflecting the scarcity of research conducted in lower-income contexts. 
Finally, the multicenter and global studies demonstrate an articulation between different continents, 
reinforcing the need for international cooperation and diversity of contexts for the equitable 
advancement of artificial intelligence applications in reproductive health. 

 

Figure 2. Geographic distribution included studies on AI in maternal mortality prevention due to hypertensive 
disorders and postpartum hemorrhage, highlighting study concentration in high-income countries. 

This network visualization represents connections between countries (United States, United 
Kingdom, Iran, Kenya, Global) and dominant research themes (postpartum hemorrhage, 
hypertensive disorders, equity, bias, AI validation) identified in the literature. Node size reflects the 
frequency of occurrence, while link density represents thematic co-occurrence across studies. The 
structure highlights strong clustering around AI bias and equity in high-income countries and sparse 
connections in lower-income contexts, underscoring global disparities in research production. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 December 2025 doi:10.20944/preprints202512.0460.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0460.v1
http://creativecommons.org/licenses/by/4.0/


 8 of 20 

 

 

Figure 3. Network of countries and research themes in AI and maternal mortality. 

The included studies demonstrated that AI and machine learning tools are increasingly being 
applied to predict critical obstetric complications, especially postpartum hemorrhage and 
hypertensive disorders of pregnancy and have achieved high discriminatory performance in diverse 
geographic contexts (United States, Iran, Kenya). At the same time, the most recent literature 
underscores the need for explicit attention to equity: data diversity, validation in racialized 
populations, and recognition of algorithmic bias emerge as central factors for AI to contribute to 
reducing, rather than exacerbating, maternal inequalities. In short, while the technology shows great 
promise for preventing maternal mortality, its equitable effectiveness still depends on the inclusion 
of vulnerable populations, such as black women, and on the structuring of databases and models that 
consider race, socioeconomic conditions and care context. 

Table 1. Applications of artificial intelligence in predicting maternal mortality: summary of included studies. 

Author/Year Country Study Design Intervention/Exposure Key Findings 

Susanu et 
al., 202418 

Multicenter Prospective study 

ML algorithms for 
predicting intra- and 
postpartum 
hemorrhage 

Models predicted 
hemorrhage risk 
with high 
accuracy; need for 
validation in 
racialized 
populations to 
reduce mortality in 
vulnerable groups 

Ahmadzia 
et al., 202419 

USA 
Model 

development study 

ML for predicting 
postpartum 
hemorrhage and 
transfusion 

ML identified high 
risk of postpartum 
hemorrhage; 
highlights need for 
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testing in black 
women 

Mapari et 
al., 202420 

Global Narrative review AI in maternal health 

AI can improve 
early detection; 
racial disparities 
may persist if black 
women 
underrepresented 

McAdams & 
Green, 
202421 

USA Narrative review 

AI in obstetrics, 
maternal-fetal 
medicine, and 
neonatology 

AI tools may 
reproduce biases, 
increasing 
mortality in Black 
women; 
emphasize 
hypertension and 
hemorrhage 

Khan et al., 
202422 

UK 
Dataset 

development 

OxMat multimodal 
dataset for maternal-
infant health AI 

Robust dataset; 
potential to 
mitigate 
disparities 
including 
mortality from 
hemorrhage or 
hypertension; 
validation in black 
women needed 

Singh et al., 
202423 

USA 
Annotation tool 

development 
AI tool for analyzing 
maternal safety reports 

Identified 
disparities in risk 
factors; AI may 
help mitigate 
higher postpartum 
hemorrhage 
mortality in black 
women 

Shah et al., 
202324 

Kenya 
Observational 

study 

ML for predicting 
postpartum 
hemorrhage 

Models predicted 
hemorrhage in 
vulnerable 
population; 
populations with 
limited care access 
show higher 
maternal mortality 
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Mehrnoush 
et al., 202325 

Iran Retrospective study 
ML for predicting 
postpartum 
hemorrhage 

XGBoost predicted 
hemorrhage; socio-
economic factors, 
similar to those 
affecting black 
women, influence 
mortality 

Ansbacher-
Feldman et 
al., 202226 

UK Cohort study 
ML for predicting 
preeclampsia using 
first-trimester data 

Inclusion of racial 
variables 
improved 
accuracy; black 
women have 
higher 
hypertensive 
disorder risk 

Westcott et 
al., 202227 

USA 
Retrospective 

cohort 
ML in 30,867 women 

Models predicted 
hemorrhage; 
racialized 
populations, 
especially black 
women, have 
higher mortality; 
need race-specific 
validation 

The ten studies included in this rapid review collectively demonstrate the increasing application 
of AI and machine learning (ML) in predicting critical maternal complications, particularly PPH and 
hypertensive disorders of pregnancy. Prospective, retrospective, cohort, and model development 
studies across diverse geographical contexts including the USA, Iran, Kenya and multicenter settings 
consistently showed high predictive performance [25,27]. These findings indicate that AI has 
substantial potential to identify women at elevated risk of severe maternal outcomes, enabling timely 
interventions and potentially reducing mortality. 

Several studies highlighted that black women and other racialized populations experience 
higher rates of maternal mortality due to PPH and hypertensive disorders, and that AI models may 
perpetuate existing disparities if racial diversity is not adequately represented in the training datasets 
[21,23,26]. Only a few studies explicitly incorporated racial variables or analyzed differential 
performance across racial groups, demonstrating a critical gap in the equitable application of AI in 
maternal health. Reviews and methodological papers further emphasize that the inclusion of diverse 
populations and socio-demographic variables is essential to prevent bias and ensure AI-driven tools 
contribute to reducing, rather than exacerbating, maternal health disparities. 

Furthermore, qualitative synthesis tables were constructed to organize the cross-sectional 
findings emerging from the critical reading of the articles. Table 2 (“Main gaps identified in studies 
on AI and maternal mortality”) brings together methodological and conceptual deficiencies observed 
in the studies, such as the absence of external validation, lack of racial variables, and scarcity of 
representative data. Table 3 (“Recommendations for an equitable implementation of AI in 
reproductive health”) presents practical and ethical guidelines derived from the analysis of the 
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findings, emphasizing aspects such as data diversity, racial validation, algorithmic transparency, and 
integration with equity policies. 

Table 2 highlights the main methodological and structural gaps in the analyzed studies, 
emphasizing the absence of external validation, the use of non-representative databases, the scarcity 
of racial variables, the low transparency of the algorithms, and the limitations of technological 
infrastructure in low-income countries. Furthermore, it shows that most AI models focus on 
predicting intermediate obstetric complications, such as postpartum hemorrhage and pre-eclampsia, 
without directly assessing the impact on maternal mortality, which restricts the applicability of the 
results in real-world contexts. 

Table 2. Main gaps identified in studies on artificial intelligence and maternal mortality. 

Category Description of the gap Examples of impact or evidence  

High technical 

performance without 

external validation 

Most AI and ML models showed 

high accuracy (AUROC >0.90), 

yet remained internally 

validated without testing in 

other populations or settings 

Studies from the USA and Iran 

confirmed high predictive accuracy 

for postpartum hemorrhage and 

hypertensive disorders, but lacked 

multicenter replication (Susanu et 

al., 2024 [18]; Ahmadzia et al., 2024 

[19]; Mehrnoush et al., 2023 [25]; 

Westcott et al., 2022 [27]) 

Lack of racial or ethnic 

variables 

Only a small number of studies 

incorporated race or ethnicity in 

model development, limiting 

assessment of algorithmic 

fairness 

Few models stratified performance 

by race, with rare examples of 

inclusion improving accuracy 

(Ansbacher-Feldman et al., 2022 

[26]; McAdams & Green, 2024 [21] 

Non-representative 

databases 

Most datasets originated from 

high-income countries, with 

limited participation of Black, 

Indigenous, or low-income 

women 

Models developed in the USA and 

UK predominantly reflected high-

resource clinical settings (Ahmadzia 

et al., 2024 [19]; Singh et al., 2024 

[23]; Khan et al., 2024 [22]) 

Low transparency and 

ethical governance 

Limited disclosure of algorithm 

structure, selection criteria, or 

data-handling procedures 

reduced reproducibility 

Narrative reviews highlighted the 

absence of open-source models and 

insufficient ethical oversight 

(Mapari et al., 2024 [20]; McAdams 

& Green, 2024 [21]) 
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Technological 

infrastructure 

inequalities 

Few studies addressed 

challenges of implementing AI 

in resource-limited or low-

connectivity contexts. 

The study conducted in Kenya 

demonstrated feasibility but 

emphasized structural barriers 

(Shah et al., 2023 [24] 

Focus on intermediate 

outcomes 

Most models predicted severe 

complications such as PPH or 

pre-eclampsia rather than 

maternal deaths directly 

Predictive models were used as 

proxies for mortality, limiting 

conclusions on life-saving 

effectiveness (Susanu et al., 2024 

[18]; Westcott et al., 2022 [27]) 

The Sankey diagram visualizes the relationship between the types of artificial intelligence used 
(machine learning, deep learning, predictive models, early warning systems), maternal complications 
(postpartum hemorrhage and hypertensive disorders of pregnancy), and the regions where studies 
were conducted. The width of the flows represents the relative frequency of studies across these 
dimensions, revealing that most AI applications focused on postpartum hemorrhage and were 
concentrated in North America and Europe. 

 

Figure 4. Sankey Diagram of AI types, maternal complications and regions. 

Table 3, in turn, presents a set of practical and ethical recommendations to promote the equitable 
implementation of these technologies. Among the proposed measures are strengthening data 
diversity, racial and contextual validation of models, transparency and auditability of algorithms, 
clinical training of professionals, integration of AI tools with public policies on racial equity, and the 
promotion of interdisciplinary research. 

Table 3. Recommendations for equitable implementation of IA in reproductive health. 

Axis of action Specific recommendations Rationale and supporting evidence  
Data diversity Establish multicenter and 

racially diverse datasets 
including black, Indigenous, and 
low-income women 

Heterogeneity in datasets is essential 
for fair model performance (Khan et 
al., 2024 [22]; Ansbacher-Feldman et 
al., 2022 [26]) 
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Racial and contextual 
validation 

Conduct external validation in 
racially and socioeconomically 
diverse populations 

Lack of validation across racial 
subgroups was consistently identified 
as a major gap (Singh et al., 2024 [23]; 
Westcott et al., 2022 [27]) 

Transparency and 
auditability 

Disclose model architecture, 
input variables, and subgroup 
performance metrics 

Reviews emphasize the need for 
transparency and algorithmic 
accountability (Mapari et al., 2024 
[20]; McAdams & Green, 2024 [21]) 

Clinical training and 
supervision 

Train healthcare professionals to 
interpret AI outputs critically 
and ensure human oversight 

Narrative studies recommend 
clinician education to prevent 
overreliance on automated tools 
(McAdams & Green, 2024 [21]; Singh 
et al., 2024 [23]) 

Integration with 
public policies 

Align AI-based interventions 
with national strategies for racial 
equity and maternal health 

Implementation should occur within 
ethical and policy frameworks to 
avoid widening inequalities (Khan et 
al., 2024 [22]; Shah et al., 2023 [24]) 

Interdisciplinary 
research 

Promote collaboration among 
data scientists, clinicians, and 
social scientists focused on racial 
equity 

Interdisciplinary approaches 
strengthen contextual understanding 
and ethical use of AI (Mapari et al., 
2024 [20]; McAdams & Green, 2024 
[21]) 

Taken together, the two frameworks indicate that the technical advancement of AI in 
reproductive health must be accompanied by an agenda of reproductive justice, diversity, and ethical 
governance, in order to ensure that technological innovation effectively contributes to reducing, 
rather than perpetuating, racial inequalities in maternal mortality. Finally, the results were organized 
according to previously identified thematic categories: AI technical performance, racial equity and 
validation, implications for practice, and limitations and future directions, which allowed for a 
structured discussion aligned with the objective of the review. 

4. Discussion 

The studies included in this review show that AI and ML models perform well in predicting 
serious maternal complications, especially PPH and hypertensive disorders of pregnancy, often 
exceeding 0.95 in high-income cohorts. For example, in a large retrospective study in the United 
States with 30,867 women, the ML model achieved an AUROC of 0.979 for PPH prediction. This level 
of performance confirms the potential of AI to anticipate high-risk events, which are known to be 
responsible for the majority of preventable maternal deaths [28–30]. However, recent systematic 
reviews indicate that most models remain internally validated, with a scarcity of external validation 
and execution in middle- or low-income contexts, which limits generalization [31]. 

Even more serious is the fact that few studies have presented specific analysis by race or have 
included racial variables in a robust way, which constitutes a critical gap when considering the 
known disparities: black women in the US often have maternal mortality rates 2-4 times higher than 
white women [32]. 

Among the reviewed articles, only a few mentioned the inclusion of race as a variable or the 
need for validation in racialized populations, such as the study on pre-eclampsia in the United 
Kingdom, which found that the inclusion of racial variables improved the model’s accuracy [33]. 
However, this type of inclusion remains the exception, which reinforces the risk that AI may 
reproduce or even amplify existing inequalities if applied without attention to the representativeness 
of the data. When models are trained predominantly on white women, they learn patterns specific to 
white women’s physiology, presentation of disease, and healthcare access. For example, if vital signs 
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are monitored more frequently in white women, the model learns to rely on frequent vital sign 
measurements. When applied to Black women with less frequent monitoring, the model may fail 
because it receives ‘incomplete data.’ This is not a biological difference, but a difference in data quality 
that reflects healthcare inequities. Review studies highlight that algorithmic bias can occur when 
racialized groups are underrepresented or when models are trained on predominantly white or high-
income populations [21,34]. 

In terms of a global context, the findings of studies in low- and middle-income countries (e.g., 
the Kenya study on PPH) are particularly relevant: they demonstrate that AI models can work in 
vulnerable and resource-poor environments, suggesting applicability beyond the centers of 
excellence in high-income countries [24]. However, even in these contexts, there is a lack of data that 
allows for the segmentation of vulnerable racial/ethnic groups, which implies that the benefits of AI 
may not reach Black or Indigenous women equitably. A recent international review emphasizes that, 
for HPP prediction, there is great heterogeneity among studies, many with limited validation and 
virtually none focused on racialized populations or specific regions of vulnerability [31]. 

From the perspective of maternal mortality due to gestational hypertension, the use of AI still 
shows less evidence compared to PPH, but presents promising indications, for example, the Pre-
eclampsia Integrated Estimate of Risk – Machine Learning (PIERS-ML) model for pre-eclampsia 
improved the identification of women at high risk of adverse outcome within 2 days [35] 

The discussion on algorithmic fairness is central: well-designed AI tools can be powerful allies 
in reducing inequalities, but if implemented without attention to the diversity of the database, 
validation in vulnerable groups, and algorithm transparency, they can perpetuate the status quo. 
Studies such as Fair Machine Learning for Healthcare demonstrate that racial, socioeconomic index, 
and intersectional factors (e.g., race+sex+class) interact in the performance and impact of AI models, 
so algorithmic justice requires explicit recognition of these dimensions [36]. 

In maternal health, it is essential to distinguish between algorithmic bias and structural 
inequalities. Consider two scenarios in predicting postpartum hemorrhage (PPH): Algorithmic Bias: 
A model trained on predominantly white women learns that “elevated blood pressure” predicts PPH. 
However, Black women receive fewer prenatal visits and less frequent blood pressure monitoring 
due to systemic racism. When applied to Black women, the model underestimates risk because it 
receives incomplete data not because of biological differences, but because of healthcare inequities. 
This is algorithmic bias: the model produces worse predictions for Black women. Reflecting 
Structural Inequality: A model learns that “living in a neighborhood with limited obstetric services” 
predicts adverse outcomes. Black women are overrepresented in such neighborhoods due to 
segregation and disinvestment. When the model predicts higher risk for Black women, it is not 
biased; it is accurately reflecting a real structural inequality. The problem is not the model, but the 
underlying inequality. The distinction matters: if a model exhibits algorithmic bias, we must improve 
the model. If a model reflects structural inequalities, improving the model alone is insufficient; we 
must address underlying causes. However, the reviewed studies do not make this distinction explicit, 
and most did not report performance stratified by race. This represents a critical gap for equitable 
implementation [37]. 

The reviewed studies fail to address intersectionality and how multiple, overlapping forms of 
discrimination affect maternal health [38]. Black women experiencing maternal mortality are not a 
homogeneous group: they include low-income women, rural women, women experiencing intimate 
partner violence, women with substance use disorders, and women navigating immigration status 
[39]. These intersecting vulnerabilities interact in ways that single-axis analysis cannot capture. An 
AI model trained on data from women with regular prenatal care may fail for women experiencing 
homelessness or violence populations disproportionately represented among Black women who die 
in pregnancy or childbirth. A model reporting 95% accuracy “for Black women” may mask 70% 
accuracy for low-income Black women in rural areas. This represents a hierarchy of vulnerability 
where the most vulnerable are left behind [40]. To ensure equity, AI systems must: (1) evaluate 
performance for intersectional subgroups; (2) involve women with lived experience of multiple 
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marginalization; and (3) recognize that technology alone cannot address structural inequities driving 
maternal mortality [41,42]. 

A cross-sectional limitation of the reviewed studies relates to the outcome of maternal mortality 
itself; many focused on predicting risk or serious complications (HPP, pre-eclampsia) as a proxy for 
mortality, but few explicitly assessed maternal deaths or included mortality stratified by race. This 
compromises the certainty of inferring that a reduction in mortality among Black women will be 
achieved with the adoption of AI. Recent reviews indicate that for PPH, the overall mortality rate 
remains high in low-income countries, and that most AI models have not yet been tested in contexts 
where mortality is higher, a context where Black and Indigenous women are underrepresented [29]. 

The included studies demonstrate that AI and machine learning exhibit high technical 
performance in predicting serious obstetric complications, especially postpartum hemorrhage and 
hypertensive disorders of pregnancy [27]. Other investigations, such as those by Susanu et al. (2024) 
and Ahmadzia et al. (2024), have demonstrated similar accuracy in predicting hemorrhagic risk, with 
the ability to identify high-risk women early [18,19]. Recent systematic reviews also indicate that 
these models outperform conventional methods and can reduce critical delays in obstetric emergency 
settings [28]. However, most of the evidence comes from high-income settings, with limited internal 
validation and a scarcity of multicenter external tests, which compromises the generalizability of the 
findings [20,25]. 

Racial equity in model validation is one of the main gaps identified. Only a small number of 
studies have included racial variables or evaluated the performance of algorithms among different 
ethnic groups [26]. The work of Ansbacher-Feldman et al. (2022) showed that the inclusion of racial 
characteristics and biomarkers increased the accuracy in predicting pre-eclampsia, but this approach 
is still the exception [26]. Narrative research and methodological reviews, such as those by McAdams 
& Green (2024) and Mapari et al. (2024), warn that models based on predominantly white databases 
may reproduce or amplify existing racial disparities in maternal mortality [20,21]. Furthermore, the 
multicenter study by Shah et al. (2023) in a Kenyan population showed that, although AI can work 
in resource-limited contexts, the absence of racial stratification and diversity data compromises its 
equitable effectiveness [24]. Thus, external validation in racialized populations is an essential step to 
ensure algorithmic justice and representativeness in maternal health [22,23]. 

The practical implications of integrating AI into maternal health are broad. Effective predictive 
models can optimize care flows, identify at-risk pregnant women early, and support clinical decisions 
based on real-time data [18,19,27]. The responsible adoption of these tools requires staff training, 
interoperability with electronic records, and continuous supervision to avoid biased interpretations. 
Recent literature argues that AI systems should be evaluated from an equity perspective, including 
sensitivity analyses stratified by race/ethnicity and socioeconomic conditions [21,23]. In highly 
vulnerable contexts, such as in low- and middle-income countries, the ethical use of AI can expand 
access to early detection of complications, provided it is associated with policies to strengthen data 
infrastructure and governance [24,25]. Therefore, AI has the potential to reduce inequalities if 
implemented in an inclusive, transparent, and supervised manner. 

In summary, this review reveals that while AI systems show promise for predicting maternal 
complications, current applications systematically fail to address racial equity. The gap is not 
primarily technical models that can achieve high accuracy but rather structural: they are developed, 
validated, and will be implemented without adequate attention to racial representation, fairness, and 
the lived experiences of Black women. Closing this gap requires not incremental improvements to 
existing models, but a fundamental reorientation of AI development in maternal health toward 
principles of algorithmic justice, community engagement, and racial equity. This is not optional; it is 
essential for AI to fulfill its promise of reducing, rather than perpetuating, global maternal 
inequalities. 

The limitations observed in this review reflect the current stage of AI research in maternal 
mortality. Most studies assessed intermediate outcomes (PPH, pre-eclampsia) rather than maternal 
mortality itself, which limits the ability to infer the true impact of AI tools on preventing deaths 
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[19,25]. A major constraint was the scarcity of consistent racial and ethnic data: because most studies 
did not report performance stratified by race, this review was unable to compare algorithmic 
behavior across groups, which is central to equity analysis. Likewise, the absence of external 
validation, subgroup analyses, and cost-effectiveness assessments reduces the certainty of the 
available evidence. 

In addition, limitations inherent to the rapid review methodology must be acknowledged, 
including a restricted search strategy, reduced use of duplicate screening and data extraction, and 
the exclusion of gray literature, all of which may have resulted in relevant studies being missed. The 
evidence base also reflects a narrow focus on hypertensive disorders and postpartum hemorrhage, 
excluding other major contributors to maternal mortality among Black women such as 
cardiomyopathy, thromboembolic events, and sepsis thereby limiting the broader generalization of 
findings. 

Future directions include: (1) developing multicenter and racially diverse datasets that explicitly 
include Black and Indigenous women; (2) conducting external validation in low-resource settings; (3) 
ensuring algorithmic transparency and reporting of performance metrics by subgroup; and (4) 
strengthening ethical and regulatory frameworks for equitable AI development in reproductive 
health [20,23,26,27]. Finally, interdisciplinary approaches integrating data science, epidemiology, and 
racial studies are essential for AI to fulfill its promise of reducing rather than perpetuating global 
maternal inequalities. 

5. Conclusions 

Artificial intelligence has shown high technical performance in predicting severe maternal 
complications, particularly postpartum hemorrhage and hypertensive disorders of pregnancy. The 
evidence synthesized in this review demonstrates that predictive and monitoring models can identify 
women at risk with great accuracy and may support clinical decision-making to prevent adverse 
outcomes. However, most studies remain internally validated and were conducted in high-income 
settings, limiting their generalizability to racially diverse or resource-limited populations. A 
persistent challenge is the underrepresentation of Black and Indigenous women in the datasets used 
to train and validate these algorithms. Without explicit consideration of race, ethnicity, and social 
determinants, AI systems risk reproducing structural inequities that already characterize maternal 
mortality patterns worldwide. Therefore, algorithmic equity and transparency must become essential 
requirements in the development and implementation of AI for maternal health. 

The findings highlight that equitable artificial intelligence requires diverse and representative 
databases, external validation in vulnerable populations, and ongoing interdisciplinary collaboration 
among data scientists, clinicians, and public health experts. In practice, this means aligning 
technological innovation with reproductive justice and racial equity agendas. Future research should 
prioritize inclusive model design, evaluate real-world clinical impact, and ensure that algorithmic 
tools contribute effectively to reducing preventable maternal deaths among black women and other 
marginalized groups. Only through this integrative approach can AI move from a promising 
technological resource to a transformative instrument for global maternal health equity. 
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Abbreviations 

AI Artificial intelligence 

EMBASE Excerpta Medica dataBASE 

EWS Early warning systems 

LILACS Literatura Latino-Americana e do Caribe em Ciências da Saúde 

MEDLINE Medical Literature Analysis and Retrieval System Online 

ML Machine learning 

OSF Open Science Framework 

PICO Population, exposure/intervention,  comparator and outcomes 

PIERS-ML Pre-eclampsia Integrated Estimate of Risk – Machine Learning 

PPH Postpartum hemorrhage 

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

PubMed U.S. National Library of Medicine 
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