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Abstract

Background: Each year 1.9 million stillbirths and 2.3 million neonatal deaths occur worldwide, and sub-Saharan Africa (SSA)
accounts for 47% of stillbirths and 46% of neonatal deaths. Predictive models, including classical statistical methods, machine
learning (ML) and artificial intelligence (Al), are increasingly used to detect pregnancies and neonates at high risk, but their
performance and validation in SSA have not been mapped extensively. Objective: To map predictive models for stillbirths and
neonatal deaths globally with a focus on SSA, and to characterise the predictors, data sources, modelling approaches,
performance metrics and validation. Methods: We followed the Arksey and O'Malley framework and PRISMA-ScR guidance. We
searched EMBASE, Medline, Scopus, Web of Science and Global Health from 2010 to 2025 plus reference lists. Two reviewers
independently screened titles, abstracts and full texts. Data were charted across six domains: predictors, data sources, model type,
evaluation metrics, performance and validation. Results: Of 1,339 records, 93 studies met the inclusion criteria; 26 (28.0%) were
conducted in SSA and 67 (72.0%) elsewhere. Health facility data were the most common source (63/93, 67.7%). Classical methods
alone were used in 44 studies (47.3%); ML and Al mostly appeared in hybrid combinations rather than replacing classical models.
Internal validation alone was reported in 65 studies (69.9%), internal plus external in 16 (17.2%), external validation only in three
(3.2%) and no validation of any kind in nine (9.7%). AUC was reported in 77 studies (82.8%), ranging from 0.610 to 0.996.
Calibration-related metrics were reported in 12 studies (12.9%), four in SSA, and decision-curve analysis was reported in only one
non-SSA study. Conclusion: Only one SSA study reported pragmatic clinical deployment. Most models lack external validation,
calibration assessment and clinical-utility evidence for SSA. Future work should follow TRIPOD+Al and PROBAST+AI reporting
standards, with pre-registered multi-site external validation in independent African cohorts.

INTRODUCTION

Around 1.9 million stillbirths and 2.3 million neonatal deaths occur each year, and sub-Saharan Africa (SSA) bears approximately
47% and 46% of this burden respectively [1-3]. The global stillbirth rate fell from 21.3 per 1,000 total births in 2000 to 13.9 in 2021
and has since stalled at around 14 per 1,000 in 2023, and the neonatal mortality rate from 31.0 per 1,000 live births in 2000 to 17.0
in 2023, with negligible change since 2020. Progress has lagged behind other child-mortality indicators and most SSA countries
are off-track for the Sustainable Development Goals and Every Woman Every Newborn Everywhere (EWENE) 2030 targets [3-5].

The leading causes of stillbirth include obstetric complications, prolonged pregnancy, maternal infections such as malaria, syphilis
and HIV, hypertensive disorders, diabetes and fetal growth restriction, alongside behavioural, social and environmental
determinants [2, 6, 7]. Neonatal deaths are driven predominantly by prematurity (37%), birth asphyxia and trauma (23%), congenital
anomalies (10%), pneumonia (8%) and sepsis (7%) [1] with respiratory distress syndrome, low birth weight, hypothermia and
hypoglycaemia contributing further in SSA [8].

Structural barriers compound these clinical causes. Limited access to antenatal and intrapartum care, a high burden of infectious
diseases, undernutrition and under-resourced health systems continue to constrain maternal, newborn and child health (MNCH)
outcomes [2, 9]. The World Health Organization and national governments have responded by prioritising timely, high-quality care
[10, 11]. In these settings, identifying at-risk pregnancies and neonates early is central to clinical decision-making and to directing
scarce staffing, referral and monitoring capacity to where it will most reduce mortality; data science is increasingly positioned to
support this by flagging elevated risk in time for intervention [12].

Over the past two decades, predictive modelling has been applied increasingly within MNCH to identify pregnancies and neonates
at elevated risk [12]. Classical statistical methods, notably logistic regression and generalised estimating equations dominated
earlier work, but regression-based approaches underperform when predictors interact non-linearly, when outcomes are rare, or
when routine data are incomplete, all of which characterise stillbirth and neonatal death [13].

Machine learning (ML) and artificial intelligence (Al) have since broadened the inputs models can accommodate, from ultrasound
imaging to longitudinal electronic and routine records, with modest but consistent gains in discrimination over logistic regression
[14-16]. In Zambia, Al estimated gestational age accurately from blind ultrasound sweeps acquired by novice operators, extending
basic antenatal screening [17].
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Despite this rapid growth, Al applications in MNCH remain at an early stage, particularly in low resource settings, where both the
volume of published work and the number of deployed models are a small fraction of those in high-income settings [12, 16, 18, 19].
Models developed in high-income settings often transfer poorly to SSA populations, not because the algorithms fail, but because
case-mix, outcome prevalence, care pathways, data completeness and social determinants of risk differ substantially from the
contexts in which they were trained [20-22]. Direct comparisons among classical, ML and Al approaches remain uncommon, and
the SSA-specific landscape has not been systematically mapped. Without a consolidated view of what has been built, for whom, on
what data, and how well it performs, the field risks re-implementing high-income designs that were never calibrated for the
populations they are now being asked to serve. We therefore conducted a scoping review to map the global landscape of predictive
models for stillbirth and neonatal death, with a specific focus on SSA and on the transportability of existing models to these
settings, characterising the predictors, data sources, modelling approaches, performance metrics and validation practices used,
and identifying where current evidence falls short of supporting safe translation into African clinical care.

METHODS
Study design

This scoping review followed the methodological framework proposed by Arksey and O'Malley [23] and is reported in line with the
Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) [24]. The
protocol was registered on the Open Science Framework (OSF) and published in Wellcome Open Research [25].

Research questions
Five research questions guided this review:
1. Which classical, ML and Al models have been used for predicting stillbirth and neonatal death?

a. Which predictive models for stillbirth and neonatal death have been transported or tested in SSA?
2. What predictors have been used in models for predicting stillbirth and neonatal death?
3. What data types and sources have been used to train these models?
4. What performance metrics (including balanced accuracy, sensitivity, specificity, AUC-ROC and F1-score) have been reported?

5. Which type of model (classical, ML, or Al) demonstrates the best predictive performance when comparable metrics are
reported?

Eligibility criteria and search strategy

Search strategy: We searched five databases: EMBASE, Medline, Scopus, Web of Science and Global Health, with the final
searches conducted on 10-Dec-2025 (Table S1). Searches were extended to reference lists of included studies. No separate grey-
literature databases were searched; eligible preprints and grey literature were identified through these sources. Search terms were
developed using the Population, Concept, Context (PCC) framework and the full database search strings are reported in Table S1
and our published protocol [25].

Outcome definitions

Stillbirth was defined as a baby born with no signs of life at = 28 weeks of gestation or with a birth weight of > 1,000 grams[26].
Neonatal death was defined as death within the first 28 days of life among live births. Where included studies used different
gestational-age thresholds, the definition applied in each study was recorded during data extraction.

Inclusion and exclusion criteria: Eligibility was pre-specified using the PCC framework (Table S1). The population comprised
pregnant women or fetuses with outcomes of stillbirth or neonatal death. The concept was predictive modelling, including model
development, validation or application, across three methodological approaches: classical statistical, ML and Al. The context
comprised peer-reviewed studies, preprints and grey literature with accessible full text, published between 2010 and 2025. The
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2010 start date was chosen a priori to capture the recent era in which machine-learning methods and routine electronic data
became widely applied to perinatal outcome prediction. We excluded studies that did not apply a predictive modelling approach
(such as descriptive or explanatory analyses), review study designs (scoping reviews, systematic reviews and meta-analyses) and
conference abstracts without full-text access. Studies published in languages not accessible to the review team were excluded at
retrieval; the team had capacity in English, Portuguese and Thai.

Study selection

Records retrieved from the five databases were imported into Rayyan [27] and duplicates removed. Two reviewers [TC and AV]
independently screened titles and abstracts against the pre-specified eligibility criteria, with disagreements resolved by a third
senior reviewer [JA]. The same reviewers then independently screened the full texts of candidate records. Data were extracted by
one reviewer using a form based on the six predefined domains, with a second reviewer checking the extracted data, and a
narrative synthesis was developed. A formal measure of inter-rater agreement (such as Cohen’s kappa) was not calculated. This
reflects standard scoping-review methodology, in which a formal inter-rater agreement coefficient is not required. Discrepancies
were reconciled in consultation with the senior reviewer.

Data charting, collating, and synthesis
Modelling approach classification

Modelling approaches were classified as classical statistical, ML, or Al or combinations of these, following the definitions set out
in the published protocol [25]. Classification was based on the analytical approaches used (predictor selection strategy, validation
scheme and regularisation or tuning methods) rather than on the algorithm alone. The unit of analysis was the individual study;
where a study reported more than one model, all models were recorded but the study remained the unit for classification and
synthesis. Where a study applied more than one approach, all approaches were recorded, and each study was assigned to one of
seven mutually exclusive family combinations (classical only; ML only; Al only; classical + ML, classical + Al; ML + Al; classical +
ML + Al).

Data extraction: Each study's design and data source extracted: designs as retrospective or prospective cohorts, secondary
analyses of survey or registry data, or other designs, and data sources as health-facility records (hospital or clinic data on
maternity, delivery or newborn care), registry or population sources, multi-country pooled databases, or online data. Extracted data
were organised using a six-domain conceptual framework (Fig. 1A) specified in the protocol[25] and covered (1) predictors and risk
factors, categorised as maternal, foetal, clinical, sociodemographic or environmental; (2) data sources, including database type,
geographical coverage and sample size; (3) modelling approaches and algorithm families; (4) evaluation metrics reported,
including discrimination, calibration, classification and rare-outcome metrics; (5) reported model performance, including AUC or C-
statistic values and comparisons across model families, regions and outcomes; and (6) validation practices, including validation
type (internal, external, both or none), validation design (temporal split, hold-out, geographic, prospective) and transportability to,
from or across SSA. Transportability was defined as the development, validation or application of a model across different
geographical or population settings, classified by direction relative to SSA, that is into, out of, or across SSA settings.

Quality appraisal and synthesis

Reporting completeness was appraised using the Transparent Reporting of a multivariable prediction model for Individual
Prognosis Or Diagnosis + Artificial Intelligence (TRIPOD + Al) statement [28] and risk of bias was assessed using Prediction model
Risk Of Bias Assessment Tool + Artificial Intelligence (PROBAST + Al) (Table S2) [29]. Findings were summarised descriptively and
narratively across the six domains, with maps, graphs and tables used to illustrate patterns. Reporting followed the PRISMA-ScR
checklist [24].

RESULTS
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Study selection

The search yielded 1,339 records, of which 93 studies (26 from SSA and 67 from elsewhere) met the eligibility criteria and were
retained for narrative synthesis. The PRISMA-ScR flow is shown in Fig. 1B.

Study characteristics, geographic and temporal distribution

Study characteristics are summarised in Table 1, and the full per-study inventory is presented in Tables 2 and S3 [30—122]. Most
studies (78/93, 83.9%) were published from 2020 onwards (Fig. 2). Retrospective designs predominated (68/93, 73.1%), followed
by prospective studies (13/93, 14.0%), secondary analyses (10/93, 10.8%) and other designs (2/93, 2.2%) (Tables 1-2 and S3).
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Table 1
Study characteristics and geographic distribution (n = 93)

Characteristic SSA (n=26) No)n-SSA (n= Total (n=93)
67

Study design

Retrospective 18 (69.2%) 50 (74.6%) 68 (73.1%)

Prospective 5(19.2%) 8 (11.9%) 13 (14.0%)

Secondary analysis 3(11.5%) 7 (10.4%) 10 (10.8%)

Other 0 (0.0%) 2 (3.0%) 2 (2.2%)

Outcome studied

Stillbirth only 9 (34.6%) 34 (50.7%) 43 (46.2%)
Neonatal death only 9 (34.6%) 21 (31.3%) 30(32.3%)
Both stillbirth and neonatal death 8 (30.8%) 12 (17.9%) 20 (21.5%)

Data source

Health facility data 17 (65.4%) 46 (68.7%) 63 (67.7%)
Registry / population 7 (26.9%) 17 (25.4%) 24 (25.8%)
International/ multi-country pooled database 2(7.7%) 3 (4.5%) 5(5.4%)
Online data 0 (0.0%) 1(1.5%) 1(1.1%)
Model family

Classical only 11 (42.3%) 33 (49.3%) 44 (47.3%)
Classical + ML 4 (15.4%) 12 (17.9%) 16 (17.2%)
Classical + ML + Al 4 (15.4%) 10 (14.9%) 14 (15.1%)
ML only 5(19.2%) 10 (14.9%) 15(16.1%)
Al only 1 (3.8%) 1(1.5%) 2 (2.2%)
ML + Al 1(3.8%) 0 (0.0%) 1(1.1%)
Classical + Al 0 (0.0%) 1(1.5%) 1(1.1%)

Validation approach

Internal only 22 (84.6%) 43 (64.2%) 65 (69.9%)
External only 0 (0.0%) 3 (4.5%) 3(3.2%)
Internal + external 4 (15.4%) 12 (17.9%) 16 (17.2%)
None reported 0(0.0%) 9 (13.4%) 9(9.7%)

Geographic distribution

SSA single-country studies

Ethiopia 5(19.2%) - 5(5.4%)
Ghana 3(11.5%) - 3(3.2%)
Summary of included studies stratified into two groups: SSA stratum (n = 26) comprising 20 single-country sub-Saharan African
studies, 3 SSA multi-country (Africa-only) studies, and 3 multi-region studies that include SSA sites (Shukla 2020 Silva 2025 and

Payne 2015 ); and Non-SSA stratum (n = 67) comprising 65 non-SSA single-country studies plus 2 multi-region studies without SSA
sites (Allotey 2022 and Zhang 2023). All percentages use the stratum column total as denominator.
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Characteristic

Study design

Rwanda

Tanzania

Malawi

Nigeria

Zimbabwe

South Africa

Uganda

SSA multi-country (Africa only)
26 SSA countries (DHS pooled)
Tanzania and Liberia
Sub-Saharan Africa
Multi-region including SSA sites

South Asia (India and Pakistan), Africa (Democratic Republic of Congo,
Zambia, and Kenya) and Central America (Guatemala)

Democratic Republic of Congo, Guatemala, Zambia, India-Belagavi, India-
Nagpur, Pakistan, Kenya and Argentina

Brazil, Fiji, Pakistan and South Africa (miniPIERS)
Non-SSA single country (by World Bank region)
East Asia & Pacific

North America

Europe & Central Asia

Middle East & North Africa

Latin America & Caribbean

South Asia

Multi-region without SSA

UK and USA (Allotey 2022)

United States, Puerto Rico, US Virgin Islands, Guam (Zhang 2023)

SSA (n = 26)

3 (11.5%)
3 (11.5%)
1(3.8%)
2 (7.7%)
1(3.8%)
1(3.8%)
1(3.8%)

1(3.8%)
1(3.8%)
1(3.8%)
1(3.8%)
1(3.8%)

1(3.8%)

Non-SSA (n =
67)

19 (28.4%)
14 (20.9%)
17 (25.4%)
7 (10.4%)
4 (6.0%)

4 (6.0%)

1(1.5%)
1(1.5%)

Total (n=93)

3 (3.2%)
3 (3.2%)
1(1.1%)
2 (2.2%)
1(1.1%)
1(1.1%)
1(1.1%)

1(1.1%)
1(1.1%)
1(1.1%)

1(1.1%)
1(1.1%)

1(1.1%)

19 (20.4%)
14 (15.1%)
17 (18.3%)
7 (7.5%)
4 (4.3%)
4 (4.3%)

1(1.1%)
1(1.1%)

Summary of included studies stratified into two groups: SSA stratum (n = 26) comprising 20 single-country sub-Saharan African
studies, 3 SSA multi-country (Africa-only) studies, and 3 multi-region studies that include SSA sites (Shukla 2020 Silva 2025 and
Payne 2015 ); and Non-SSA stratum (n = 67) comprising 65 non-SSA single-country studies plus 2 multi-region studies without SSA
sites (Allotey 2022 and Zhang 2023). All percentages use the stratum column total as denominator.
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Table 2

Detailed characteristics of all included studies (n =93)

Author / Year

Adane, et al.
2025

Adebaniji, et al.
2024

Aga 2025

Al Mashrafi et
al. 2025

Al-Fattah, et al.
2024

Allotey, et al.
2022
Alzakari, et al.
2024

Amarkl, et al.
2018

Baker, et al.
2021

Batista, et al.
2021

Bogale D.S,, et
al. 2022

Bosschieter, et
al 2023

Cavallaro, et al
2017

Cersonkey, et al.

2023

Chen, et al.
2022

Chiweza, et al.
2024

Design

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study

Meta-
analysis

Secondary
analysis

Retrospective
study

Retrospective
study

Retrospective
study
Secondary
analysis
Retrospective

study

Prospective
study

Secondary

analysis

Retrospective
study

Retrospective
study

Location

Ethiopia

Ghana

Ethiopia

Oman

Indonesia

UK and USA

Saudi Arabia

Sweden

United

States

Brazil

Ethiopia

United
States

United
Kingdom

United
States

China

Malawi

Outcome

Neonatal

mortality

Stillbirth

Stillbirth

Neonatal

mortality

Stillbirth

Stillbirth

Stillbirth

Stillbirth

Neonatal

mortality

Neonatal
mortality

Stillbirth

Stillbirth

Stillbirth

Stillbirth

Neonatal
mortality

Stillbirth and
early
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Database /
source

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Population/
Registry

Health
facility-
based data

International
database

Health
facility-
based data

Population/
Registry

Health
facility-
based data

Population/
Registry

Population/
Registry

Health
facility-
based data

Health
facility-
based data

Population/
Registry

Health
facility-
based data

Health
facility-

Classic

v

ML

Al

Model
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

External
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Both
internal
and
external
validation

Internal
validation
only

Both
internal
and
external
validation

Neither
internal
nor
external
validation

Internal
validation
only

Internal
validation
only

Internal
validation

Ref

(30]

(31]

(32]

(33]

(34]

(39]

(36]

(37]

(38]

(39]

[40]

[41]

(42]

[43]

(44]

(45]




Author / Year

Choi, et al 2022

Conte, et al.
2025

Cooper, et al
2018

Dalton, et al
2023

Espinola-
Sanchez, et al.
2023

Fazzari, et al.
2022

Flatley, et al.
2019

Gatabazi, et al.
2020

Giorgione, et al.
2025

Gunenc, et al.
2025

Hauptman, et
al. 2025
Houweling, et

al. 2019

Hromadnikova,
et al 2024

Hromadnikova,
et al. 2023

Design

Retrospective
study

Retrospective
study

Retrospective

study

Retrospective
study

Retrospective
study

Secondary
analysis

Prospective
study

Retrospective
study

Retrospective
study

Retrospective
study

A case-only
study
Secondary

analysis

Retrospective
study

Retrospective
study

Location

South Korea

Italy

USA and
Canada

United
States

Peru

United
States

Australia

Rwanda

UK, ltaly,
Belgium

Turkey

USA

Nepal

Czech
Republic

Czech
Republic

Outcome

neonatal
death

Infant
mortality

Neonatal
mortality

Neonatal
mortality

Perinatal
death
(stillbirth +
early
neonatal
death)

Neonatal
mortality

Foetal death

Perinatal
death
(stillbirth +
early
neonatal
death)

Neonatal
mortality

Stillbirth

Stillbirth

Neonatal
mortality

Neonatal
mortality

Stillbirth

Stillbirth
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Database /
source

based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Online data

Population/
Registry

Health
facility-
based data

Health
facility-
based data

Classic

ML

Al

Model
validation

only

Internal
validation
only

Internal
validation
only

Both
internal
and
external
validation

Neither
internal
nor
external
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Neither
internal
nor
external
validation

Internal
validation
only

Internal
validation
only

Neither
internal
nor
external
validation

Ref

[46]

[47]

48]

(49]

(50]

(51]

(52]

(53]

(54]

(55]

(56]

(57]

(58]

[59]




Author / Year

Huang, et al.
2021

Huang, et al.
2025

Inyang, et al
2021

Kaliappan, et al.
2023

Khatibi, et al.
2021

Koivu, et al.
2020
Kovacs, et al
2021

Kuanakewinyoo,
et al 2025

Kubahoniyesu,
et al. 2024

Lee, et al. 2021

Li, et al. 2025

Lin, et al. 2022

Olde Loohuis, et
al 2025

Malacov, et al.
2020

Mastrodima, et
al. 2016

Design

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study
Prospective

study

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study
Retrospective

study

Prospective
study

Retrospective
study

Prospective
study

Location

USA

China

Nigeria

India

Iran

USA

Tanzania

Thailand

Rwanda

USA

United
Kingdom

China

Ghana

Australia

United
Kingdom

Outcome

Neonatal
mortality

Stillbirth

Stillbirth

Stillbirth

Stillbirth

Stillbirth

Neonatal
mortality

Stillbirth

Stillbirth

Infant
mortality

Stillbirth

Neonatal
mortality

Perinatal
death
(stillbirth +
early
neonatal
death)

Stillbirth

Stillbirth
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Database /
source

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Population/
Registry

Population/
Registry

Health
facility-
based data

Population/
Registry

Population/
Registry

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Classic

v

>

ML

Al

Model
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Both
internal
and
external
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Both
internal
and
external
validation

Internal
validation
only

Both
internal
and
external
validation

Internal
validation
only

Neither
internal
nor
external
validation

Ref

[60]

[61]

(62]

[63]

[64]

6]

[66]

(67]

[68]

[69]

[70]

(71]

(72]

(73]

(74]




Author / Year

Mboya I.B., et
al. 2020

McLachlan, et
al. 2025

Mello, et al.
2025

Meng, et al.
2025

Mengying, et al.

2024

Mieghem, et al.

2022

Monfared, et al.

2023

Narayan, et al.
2025

Ngusie, et al.
2024

Ngwenya, et al.

2021

Ognean, et al
2023

Oh, et al. 2025

Paydar, et al.
2025

Design

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective
study

Case-control
study

Retrospective
study

Retrospective
study

Retrospective
study

Retrospective

study

Retrospective
study

Location

Tanzania

United
Kingdom

Brazil

China

China

Canada

Iran

India

26 Sub-
Saharan
African
countries

Zimbabwe

Romania

South Korea

Iran

Outcome

Perinatal
death
(stillbirth +
early
neonatal
death)

Stillbirth and
neonatal
mortality

Stillbirth

Perinatal
death
(stillbirth +
early
neonatal
death)

Early death
(within 30
days of
operation) in
neonates
with gastric
perforation
(NGP)

Foetal death

Neonatal
mortality

Foetal death

Stillbirth

Stillbirth and
neonatal
mortality

Neonatal
mortality

Neonatal
mortality

Spontaneous
abortion
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Database /
source

Population/
Registry

Population/
Registry

Population/
Registry

Health
facility-
based data

Health
facility-
based data

International
database

Health
facility-
based data

Health
facility-
based data

Population/
Registry

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Classic

v

ML

Al

Model
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Both
internal
and
external
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Both
internal
and
external
validation

Neither
internal
nor
external
validation

Internal
validation
only

Internal
validation
only

Ref

(7]

(76]

[77]

(78]

[79]

(80]

(81]

(82]

(83]

(84]

(8]

(86]

(87]




Author / Year

Pepler, et al.
2012

Prins, et al.
2025

Punyapet, et al.
2023

Ramos, et al.
2025

Rees, et al 2025

Sayeed, et al.
2024

Shao, et al.
2024

Sheikhtaheri, at
al. 2021

Shukla, et al.
2020

Silva, et al 2025

Sylvain, et al.
2025

Design
Retrospective
study
Secondary

analysis

Retrospective
study

Retrospective
study

Secondary

analysis

Retrospective
study

Retrospective
cohort study

Prospective

study

Prospective
study

Retrospective
study

Retrospective
study

Location

South Africa

Netherlands

Thailand

Brazil

Tanzania
and Liberia

Bangladesh

China

Iran

South Asia
(India and
Pakistan),
Africa
(Democratic
Republic of
Congo,
Zambia, and
Kenya), and
Latin
America
(Guatemala

Democratic
Republic of
Congo,
Guatemala,
Zambia,
India-
Belagavi,
India-
Nagpur,
Pakistan,
Kenya and
Argentina

Rwanda

Outcome

Neonatal
mortality

Stillbirth and
neonatal
mortality

Perinatal
death
(stillbirth +
early
neonatal
death)

Neonatal
mortality

Neonatal
mortality

Neonatal
mortality

Stillbirth

Neonatal
mortality

Stillbirth and
neonatal
mortality

Neonatal
mortality

Stillbirth
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Database /
source

Health
facility-
based data

Health
facility-
based data

Health
facility-
based data

Population/
Registry

Health
facility-
based data

Population/
Registry

Health
facility-
based data

Population/
Registry

International
database

International
database

Health
facility-
based data

Classic

v

ML

Al

Model
validation

Both
internal
and
external
validation

Internal
validation
only

Neither
internal
nor
external
validation

Both
internal
and
external
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Both
internal
and
external
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Ref

(88]

(89]

[90]

[91]

[92]

(93]

[94]

[95]

[96]

[97]

(98]




Author / Year

Takramabh, et al.
2021

Tesfie, et al.
2024

Thai, et al. 2025

Triggs, et al.
2025

Wang, et al.
2024

Wu, et al. 2019

Yehuala, et al.
2025

Yerlikya, et al.
2016

Yin, et al. 2024

Young, et al.
2023

Zhang, et al.
2023

Zhao, et al.
2025

Zheng, et al.
2022

Design

Retrospective
study

Retrospective
study

Retrospective
study
Retrospective

study

Retrospective
study

Retrospective
study

Retrospective
study

Prospective
study

Retrospective
study

Retrospective

study

Retrospective
study

Prospective
study

Retrospective
study

Location

Ghana

Ethiopia

United
States

Australia

China

Shanghai

Sub-
Saharan
Africa
countries

United
Kingdom

China

Canada,
Austria and
Germany

states of the
United
States,
Puerto Rico,
the Virgin
Islands, and
Guam

Shanghai

China

Outcome

Neonatal
mortality

Neonatal
mortality

Gestational
age at
stillbirth

Stillbirth

Stillbirth

Stillbirth and
neonatal
mortality

Stillbirth

Stillbirth

Intrauterine
Foetal
Demise

Stillbirth

Neonatal
mortality

Perinatal
death
(stillbirth +
early
neonatal
death)

Stillbirth and
neonatal
mortality
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Database /
source

Population/
Registry

Health
facility-
based data

Population/
Registry

Population/
Registry

Health
facility-
based data

Health
facility-
based data

Population/
Registry

Health
facility-
based data

Health
facility-
based data

International
database

Population/
Registry

Health
facility-
based data

Health
facility-
based data

Classic

v

v

ML

Al

Model
validation

Internal
validation
only

Internal
validation
only

Both
internal
and
external
validation

Internal
validation
only

Internal
validation
only

Internal
validation
only

Internal
validation
only

Neither
internal
nor
external
validation

Both
internal
and
external
validation

Internal
validation
only

Both
internal
and
external
validation

Internal
validation
only

Internal
validation
only

Ref

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]




Author / Year Design Location Outcome Database / Classic ML Al Model Ref
source validation
Zimmerman, et Secondary United Perinatal Health v X v Both [112]
al. 2025 analysis States death facility- internal
(stillbirth + based data and
early external
neonatal validation
death)
Mengstie, et al Retrospective  Ethiopia Neonatal Single v v X Internal [113]
2025 study mortality country, validation
population only
level data
Akolekar, et al. Prospective United Stillbirth (and  Health v X X Internal [114]
2011 screening Kingdom miscarriage) facility- validation
study based data only
Akolekar, et al. Prospective United Stillbirth Health v X X Neither [115]
2016 screening Kingdom facility- internal
study based data nor
external
validation
Awor, et al. Prospective Uganda Stillbirth Health v X X Internal [116]
2022 cohort study facility- validation
based data only
Trudell, et al. Retrospective  United Stillbirth Health v X X Internal [117]
2017 cohort study States facility- validation
based data only
Housseine, et Prospective Tanzania Perinatal Health N X X Both [118]
al. 2022 cohort study death facility- internal
(stillbirth + based data and
neonatal external
death) validation
Kayode, et al. Retrospective  Nigeria Stillbirth Health v X X Internal [119]
2016 cohort study facility- validation
based data only
Muin, et al. Retrospective  Austria Stillbirth Health v X X  External [120]
2022 case-control §intrauterine facility- validation
study oetal death) based data only
Payne, et al. Secondary Brazil, Fiji, Perinatal Health v X X Internal [121]
2015 analysis Pakistan death facility- validation
and South (stillbirth + based data only
Africa neonatal
(miniPIERS,  death)
five low-
resourced
countries)
Schuit, et al. Retrospective  Netherlands  Stillbirth and Population/ Vv X X External [122]
2012 registry- neonatal Registry validation
based study death (very only
preterm
infants)

Of the 26 (28.0%) studies from SSA, 20 were conducted wholly within a single SSA country, three were SSA multi-country analyses,
and three were multi-region analyses that included SSA sites [96, 97, 121]. The 67 (72.0%) non-SSA studies comprised 65 single-
country studies and two multi-region studies (without SSA) (Table 1; Figure S1). Within SSA, Ethiopia contributed the largest single-
country share (5 studies) [30, 32, 40, 100, 113], with smaller contributions from Ghana [31, 72, 99], Rwanda [53, 68, 98], Tanzania
[66, 75, 118], Malawi [45], Nigeria [62, 119], South Africa [88], Uganda [116] and Zimbabwe [84] (Table 1). Three studies pooled data
across multiple African countries: two Demographic and Health Survey (DHS) studies [83, 105], and a facility cohort in Tanzania
and Liberia [92] ; the three multi-region analyses combined African, South Asian and Latin American cohorts [96, 97, 121].
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Among the 67 non-SSA studies, the largest clusters were East Asia and Pacific (19/67, 28.4%), Europe and Central Asia (17/67,
25.4%) and North America (14/67,20.9%) (Table 1).

Stillbirth alone was the primary outcome in 43 studies (46.2%), neonatal death alone in 30 (32.3%), and a composite of stillbirth
and neonatal death in 20 (21.5%) (Table 1).

Findings are presented across the six analytical domains in turn: predictors and risk factors (Domain 1), data sources (ll), modelling
approaches (lll), evaluation metrics (1V), model performance (V), and validation practices (VI). Figure 3 provides the cross-domain
evidence map across World Bank regions.

Domain I: Predictors and risk factors

The frequency of reported predictors is summarised by category in Table 3 and by individual named predictor in Table S4. Regional
patterns of predictor-model linkage are shown in Fig. 4.

Table 3
Predictor category reporting across outcomes (n = 93 studies)
Predictor category  All studies (n =93) Stillbirth only (n = 43) Neor)latal deathonly (n  Both SB+NND (n =20)
=30
SSA Non- Totaln SSA Non- Totaln SSA Non- Totaln SSA Non- Totaln
SSA (%) SSA (%) SSA (%) SSA (%)
(St;]dies included 26 67 93 9 34 43 9 21 30 8 12 20
n
Maternal 20 43 63 9 27 36 5 9 14 6 7 13
(67.7%) (83.7%) (46.7%) (65.0%)
Foetal 15 39 54 3 15 18 8 15 23 4 9 13
(58.1%) (41.9%) (76.7%) (65.0%)
Clinical 6 16 22 2 11 13 2 4 6 2 1 3
(23.7%) (30.2%) (20.0%) (15.0%)
Sociodemographic 8 13 21 3 10 13 3 2 5 2 1 3
(22.6%) (30.2%) (16.7%) (15.0%)
A study is counted under category C if and only if Table 2 displays at least one named predictor for that category in that study.
Each study contributes at most one count per category. n (%) columns use the column denominator.

Maternal factors were the most frequently reported predictor category (63/93, 67.7%), followed by fetal (54/93, 58.1%), clinical
(22/93, 23.7%) and sociodemographic factors (21/93, 22.6%) (Table 3). Stillbirth-only models predominantly used maternal
predictors (36/43, 83.7%), while neonatal-death-only models predominantly used fetal predictors (23/30, 76.7%) (Table 3). In
composite stillbirth and neonatal death models, maternal and fetal predictors were equally common (13/20, 65.0% each). Clinical
predictors were less common across outcome groups (13/43 stillbirth-only, 6/30 neonatal-death-only, 3/20 composite), and
sociodemographic predictors were most frequent in stillbirth-only models (13/43, 30.2%). No study reported environmental
predictors (such as air pollution, ambient temperature or seasonality), the fifth pre-specified category, which is therefore omitted
from Table 3.

At the level of individual named predictors, gestational age and maternal age were the most frequently reported, in 31 of 93 studies
each (Table S4). Birth weight was the next most frequent (n = 26 studies), followed by hypertensive disorders of pregnancy (n = 19),
maternal body mass index (BMI; n = 18), parity (n = 16) and Apgar score (n =12).

Predictors differed between strata (SSA and non-SSA). Maternal age was reported more than twice as often in SSA studies (14/26,
53.8%) as in non-SSA studies (17/67, 25.4%), and anaemia or haemoglobin in 6 of 26 (23.1%) SSA studies compared with 2 of 67
(3.0%) non-SSA studies (Table S4). The pattern differed for some predictors: maternal BMI was reported in a single SSA study
(1/26, 3.8%) versus 17 non-SSA (25.4%), and hypertensive disorders of pregnancy in three SSA studies versus 16 non-SSA.
Umbilical artery Doppler was not reported in any SSA study but featured in eight non-SSA.
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DHS-based analyses drew on sociodemographic predictors such as wealth, residence, marital status and antenatal-care
attendance [40, 83, 99, 105]. Facility cohorts contributed more clinical and foetal predictors, including gestational age, birth weight,
Apgar score and perinatal asphyxia [30, 53, 66, 88, 92, 98, 100]. The single pragmatic intervention study in the region [45] used
intrapartum cardiotocographic features rather than the demographic or antenatal predictors. Across the 26 SSA-stratum studies, 8
(30.8%) reported at least one sociodemographic predictor [30, 40, 68, 75, 99, 105, 113, 119], compared with 13 of 67 non-SSA
studies (19.4%) (Table 3).

Domain Il: Databases and data sources

Hospital and clinic records provided the primary data for 63 of the 93 studies (67.7%). Population and civil-registry sources
accounted for 24 studies (25.8%), multi-country pooled databases for 5 (5.4%), and web-scraped online data for a single study
(1.1%) (Table 1 and Fig. 3).

Facility-based designs predominated in both strata: 17 of 26 SSA studies (65.4%) and 46 of 67 non-SSA studies (68.7%) (Table 1).
Registry/population use was similar in frequency (7/26 SSA versus 17/67 non-SSA) but differed in kind. Six of the seven SSA
registry/population studies drew on Demographic and Health Survey (DHS) rounds, in single-country and pooled analyses [40, 68,
83, 99, 105, 113]. The seventh used a long-running Tanzanian medical birth registry at the Kilimanjaro Christian Medical Centre
(KCMC)[75]. Non-SSA registry studies were built on national perinatal or civil vital-statistics systems; the largest, a United States
analysis by Zhang and colleagues [109], assembled 22.7 million live births from 2016 to 2021.

The five international-database studies were heterogeneous. Two were the multi-region pooled cohorts with SSA sites [96, 97],
mixing African, South Asian and Latin American populations. The remaining three linked individual-participant data without SSA
coverage: the IPPIC (International Prediction of Pregnancy Complications) Network meta-analysis of 19 stillbirth cohorts [35], a
Canadian multi-hospital foetal-medicine consortium [80] and a German perinatal database [108]. The single online-data study [56]
scraped a United States paediatric mortality registry. No SSA study drew on online-only data.

DHS rounds provided nationally representative survey data re-analysed for stillbirth and pregnancy loss outcomes [40, 68, 83, 105],
while facility cohorts contributed across all three outcome groups (Table 2).

Domain lll: Modelling approaches

Algorithm frequencies by model family, outcome and region are summarised in Figure S2. Classical statistical methods appeared
in 75 of 93 studies (80.6%), machine learning in 46 (49.5%) and artificial intelligence in 18 (19.4%) (Table 1). These three counts are
not mutually exclusive: many studies applied more than one family within the same analysis.

The seven model family combinations are tabulated in Table 1. Classical methods alone accounted for the largest share at 44
studies (47.3%), typically logistic, Poisson or penalised regression with stepwise or lasso-based variable selection. Examples
include Ethiopian facility cohorts [30, 100], a Zimbabwean pre-eclampsia model [84], a South African neonatal-mortality model with
temporal validation [88], a Ghanaian DHS logistic-regression study[99] and earlier non-SSA work from the United Kingdom [42, 74],
Sweden [37], Nepal [57] and Australia [52]. A further 31 studies (33.3%) combined classical methods with at least one newer
approach: Classical + ML in 16 studies (17.2%), Classical + ML + Al in 14 (15.1%), and Classical + Al in one (1.1%). The remaining 18
studies (19.4%) used ML or Al methods without a classical arm: ML only in 15, Al only in two and ML combined with Al in one.

The distribution differed between SSA and non-SSA studies. The 26 SSA studies were distributed across the same three groups
(classical-only, hybrid, ML or Al-only), with 11 (42.3%) classical-only [30, 53, 72, 84, 88, 99, 100, 116, 118, 119, 121], eight (30.8%)
hybrid [31, 66, 68, 75, 83, 97, 98, 113] and seven (26.9%) using ML or Al without a classical arm [32, 40, 45, 62, 92, 96, 105]. The 67
non-SSA studies leaned more heavily on classical, with 33 (49.3%) classical-only, 23 (34.3%) hybrid and 11 (16.4%) ML or Al only.

Random forest and XGBoost dominated the SSA machine-learning work, across studies from Ethiopia[32, 40], Ghana [31], Nigeria
[62] and Rwanda [68, 98], the 26-country DHS analysis [83], the pan-SSA DHS study[105] and the Tanzania—Liberia facility
cohort[92]. Head-to-head benchmarking across six or more algorithms was reported in three SSA analyses [68, 83, 92]. Neural
networks, support vector machines and boosting variants supplemented these ensembles in several studies [31, 62, 68, 83, 96, 98].
The only pragmatic SSA deployment was the Malawian PeriWatch Vigilance Al cardiotocograph system, which was embedded in a
labour ward rather than developed as a research model [45].
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The move away from classical-only modelling occurred almost entirely from 2020 onwards (Fig. 2). Of the fifteen pre-2020 studies,
fourteen used classical methods alone [37, 42, 52, 57, 74, 88, 104, 106, 114, 115,117,119, 121, 122] and one combined classical
with ML [48]. Among the 78 studies published from 2020 onwards, 30 were classical-only, 30 hybrid and 18 ML or Al only, so the
classical-only share fell from 93% before 2020 to 38% afterwards.

Domain IV: Evaluation metrics reported

The distribution of performance metrics reported across the 93 included studies is summarised in Figure S3, with regional and
outcome-specific patterns shown in Figure S4.

Discrimination metrics (AUC, AUROC, C-statistic or C-index) were the main focus of reporting, present in 77 of 93 studies (82.8%),
21 of 26 (80.8%) in the SSA stratum and 56 of 67 (83.6%) in the non-SSA stratum (Table S5). Reporting was uniform across
outcome groups, at around 83% in each (stillbirth-only 36/43, neonatal-death-only 25/30, composite 16/20). Five of the SSA
studies did not report a comparable discrimination metric; the underlying reasons are addressed in the Discussion [45, 53, 66, 72,
75].

Classification metrics were the next most commonly reported with sensitivity or recall in 37 studies (39.8%), accuracy in 29
(31.2%), specificity in 21 (22.6%), precision or positive predictive value in 14 (15.1%), and F1 score in seven (7.5%). Reporting was
broadly similar across strata, with one exception: accuracy was reported by 10 of 26 SSA studies (38.5%) compared with 19 of 67
non-SSA studies (28.4%).

Calibration related metrics, assessed using calibration plots, calibration slopes, intercepts, Hosmer—Lemeshow tests or Brier
score, were reported in 12 of 93 studies (12.9%): four SSA studies and eight non-SSA studies. Among SSA studies, three reported
internal calibration evidence (Hosmer—Lemeshow or Brier score, [100]; calibration slope, [118]; calibration assessment, [119]) and
one reported external calibration evidence [72]. The remaining eight studied that reported calibration were non-SSA [33, 35, 41, 46,
48,104, 110, 122]. Area under the precision-recall curve was reported in two non-SSA studies [33, 38], the Matthews correlation
coefficient in one [36], and decision-curve analysis or net-benefit in one further non-SSA study [110]. No SSA study reported AUPRC,
Matthews correlation coefficient or decision-curve analysis.

Domain V: Model performance

Full distribution statistics of model discrimination are given in Table S5, with a summary by model family, region and outcome in
Table S6, and visualisation in Fig. 5. A discrimination metric (AUC, AUROC, or C-statistic or C-index) was reported for 77 of 93
studies (82.8%); the remaining 16 studies reported only other metrics (AUPRC, calibration, hazard ratios, pre- and post-intervention
incidence, or classification thresholds) and are not represented in Fig. 5 or Table S6. Across these studies, AUCs ranged from
0.610 to 0.996, with a median of 0.860 (IQR 0.800 to 0.950). The highest AUCs were concentrated in single-cohort facility studies
(Table S6).

Performance was broadly comparable between strata. Of the 77 studies reporting discrimination, 21 were in the SSA stratum
(median 0.851, IQR 0.816 to 0.950, range 0.750 to 0.996) and 56 in the non-SSA stratum (median 0.863, IQR 0.794 to 0.935, range
0.610 to 0.992) (Table S5). The lowest values came from a non-SSA external-validation study of three published stillbirth models
[35], where summary C-statistics ranged from 0.530 to 0.650 and the authors concluded the models had little to no clinical utility.
The highest values, clustered at or just below 0.996, came from a mix of SSA and non-SSA cohorts described below.

A modest gradient across model families is visible in Table S6. Across the 77 discrimination-reporting studies, 39 used classical
methods only, 25 combined classical methods with ML or Al (Classical + ML, Classical + ML+Al or Classical + Al), and 13 used ML,
Al or ML + Al without a classical arm. Median AUCs were 0.828 (IQR 0.749 to 0.893) in classical-only studies, 0.900 (IQR 0.830 to
0.967) in hybrid studies, and 0.940 in studies without a classical arm. Distributions overlapped substantially. Notable classical
exemplars included the Ethiopian preterm-sepsis nomogram (AUC 0.967) [100], Hromadnikova's combined early-stillbirth and
miscarriage screen (0.992) [59], and Dalton's composite-outcome model (0.990) [49].

Several SSA analyses sat at the upper end of the AUC distribution, reaching AUROCs of 0.950 to 0.996: Rees's Tanzania-Liberia
XGBoost neonatal model (0.990) [92], Nigerian and Ethiopian machine-learning stillbirth models (0.950 to 0.982)[32, 40, 62, 83], a
26-country DHS-pooled model (0.950) [32, 83], and Mengstie's Ethiopian CatBoost neonatal-mortality model reported the highest

Page 17/37



SSA value (0.996) [113]. A parsimonious Zimbabwean logistic-regression model performed comparably 0.902 (95% CI 0.876 to
0.927) [84]. The non-SSA best models were XGBoost models from Brazil (n = 1.1 million) r(0.971) [39], and the United States
(0.980) [109]. Individual values are given in Table S5 and Fig. 5.

Five SSA studies could not be placed on the discrimination axis: the Malawian PeriWatch Vigilance cardiotocograph deployment
reported absolute reductions in intrapartum stillbirth (0.39% to 0.02%) and early neonatal death (0.75% to 0.17%) rather than a
discrimination curve [45]; a Rwandan multi-risk survival model reported hazard ratios only [53]; a Tanzanian NICU analysis noted
that generalised linear models outperformed decision trees without a numeric AUC [66]; Olde Loohuis and colleagues reported
calibration metrics alone for their Ghanaian external validation [72]; and the Tanzanian KCMC registry analysis noted no significant
AUC differences between five candidate algorithms without stating the values [75].

Domain VI: Model validation practices and transportability

Validation practices across the corpus are summarised in Table 1, with per-study transfer routes for the 19 transportability-relevant
studies (n = 6 involving SSA, n = 13 within non-SSA settings) detailed in Table S7 and visualised in Fig. 6.

Internal validation alone was the dominant practice, reported in 65 of 93 studies (69.9%); internal plus external validation was
reported in 16 (17.2%), external validation only in three (3.2%), and no validation of any kind in nine (9.7%). External validation of
any form was therefore documented in 19 studies (20.4%), while 74 studies (79.6%) relied on internal validation alone or did not
validate.

The two strata diverged. Every SSA study was validated at least internally: 22 reported internal validation only (84.6%) and four
reported both internal and external validation (15.4%). External-only and unvalidated studies were only found in the non-SSA
stratum. Among 67 non-SSA studies, 43 reported internal validation only (64.2%), 12 both internal and external (17.9%), three
external validations only (4.5%), and nine no validation (13.4%). The nine unvalidated studies were all non-SSA and all used
classical methods only [42, 49, 56, 59, 74, 85, 90, 106, 115].

External validation was concentrated in classical and hybrid studies. Of the 18 studies using ML, Al, or ML + Al without a classical
arm, none reported external validation; all 19 external validations came from studies using classical methods either alone (n =8) or
in combination with ML or Al (n=11).

What counted as "external” varied widely in design. Among the 19 transportability-relevant studies (Table S7), four were temporal
splits within the same cohort [39, 88, 91, 109]; five were within-country hold-out samples [41, 65, 78, 107, 112]; seven were cross-
country validations against an external or international dataset [35, 70, 72, 84, 118, 120, 122]; one was a prospective validation in
the same facility [95]; and two were multi-region pooled or temporal validations incorporating SSA sites [96, 97]. Cross-country
validation was therefore reported in only seven of 93 studies (7.5%).

Transportability of predictive models to, from and across sub-Saharan
Africa

Six of the 19 transportability-relevant studies in Table S7 (visualised in Fig. 6 Panel A) had itemised SSA development or validation
cohorts; the other 13 transferred models within or between non-SSA settings (Fig. 6 Panel B). The SSA-involving studies showed a
consistent pattern. High-income models transported into SSA calibrated and discriminated poorly: the Payne perinatal-death model
in the Ghana SPOT cohort (calibration slope 0.08, c-statistic 0.52) [72] and the Kayode stillbirth model in Zanzibar (c-statistic 0.57),
the latter re-derived locally into a 15-predictor model with an optimism-adjusted c-statistic of 0.78 [118]. A Zimbabwean pre-
eclampsia model validated against the high-income PIERS dataset reached AUC 0.90 [84], and a South African and Namibian NICU
model reached AUC 0.85 for mortality but with low positive predictive value[88] Two multi-region pooled analyses including SSA
sites reported AUROCs of about 0.71 to 0.82, with country-specific models rarely outperforming the pooled model [96, 97].

Allotey 2022 [35], externally validated three published stillbirth prediction models (Smith 2007, Yerlikaya 2016 and Trudell 2017)
using individual-participant data from 19 IPPIC cohorts (491,201 pregnant women); none of the 19 cohorts was based in sub-
Saharan Africa, and summary C-statistics ranged from 0.53 to 0.65, summary calibration slopes from 0.40 to 0.88, and decision-
curve analysis showed no net benefit over treat-all or treat-none strategies. The analysis is mapped in Fig. 6 Panel B as a UK
evidence-hub loop.
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Methodological quality and risk of bias

Per-study TRIPOD + Al reporting completeness and PROBAST + Al risk-of-bias assessments for all 93 included studies are
presented in Tables S2-S3. Reporting completeness was moderate, with a median TRIPOD + Al score of 55.3% of applicable items
fully reported (IQR 50.5 to 62.2%). Risk of bias was high: under PROBAST + Al, 73 of 93 studies (78.5%) were at high overall risk, 14
unclear and six low. This was almost always driven by the analysis domain (high in 66 of 93), reflecting small samples, limited
handling of overfitting, and sparse calibration and external validation; the participant domain was low risk in most studies.

DISCUSSION

SSA carries roughly half the global stillbirth and neonatal-death burden [1-3], yet contributes just over a quarter of the predictive-
model evidence: 26 of 93 included studies (Table 1). Of those 26 SSA studies, 22 (84.6%) reported only internal validation and four
reported internal and external validation. This imbalance, rather than the absolute volume of models, is the central finding of the
review: where SSA-developed models exist, they have rarely been tested outside the cohort in which they were built.

Predictor selection was shaped by data availability. Gestational age, birth weight, maternal age, body mass index, hypertensive
disorders of pregnancy, parity, and Apgar score were the most prominent predictors. Umbilical artery Doppler was reported in eight
non-SSA studies and in none of the SSA studies, mirroring the regional distribution of routine obstetric ultrasound.
Sociodemographic predictors appeared in eight of 26 SSA studies (Table 3); four of these drew on DHS surveys [40, 83, 99, 105],
reflecting the prominence of DHS as a major data source in SSA.

The methodological shift since 2020 was marked: 78 of 93 included studies were published from 2020 onwards, 30 of which
combined classical methods with ML or Al and 18 of which used ML or Al methods without a classical arm. More complex
methods did not yield consistently better performance. The highest-AUCs were comparable across model families: 0.992 in a
classical-only study (Hromadnikova 2023, Czech Republic [59]), 0.967 in another classical-only study (Tesfie 2024, Ethiopia [100]),
0.996 in a Classical + ML study (Mengstie 2025, Ethiopia [113]) and 0.990 in an ML + Al study (Rees 2025, Tanzania and Liberia
[92]). Well-specified classical models matched or exceeded the performance of the most complex hybrids in several studies. This
is consistent with Christodoulou and colleagues' finding that machine learning offers no consistent discrimination advantage over
logistic regression once predictor structure, sample size and events-per-variable are accounted for [123].

Discrimination reporting was broadly similar across regions: 21 of 26 SSA studies (80.8%) and 56 of 67 non-SSA studies (83.6%)
reported a discrimination metric. The five SSA studies that did not report a comparable discrimination metric had specific
methodological reasons: the Malawian PeriWatch Vigilance deployment used pre- and post-intervention incidence [45], a Rwandan
multi-risk survival model reported hazard ratios only [53], a Tanzanian NICU analysis compared models qualitatively without
numeric AUCs [66], Olde Loohuis 2025 reported calibration metrics alone [72], and a Tanzanian KCMC registry analysis noted no
statistically significant AUC differences without stating values [75]. The gap is therefore not in whether models report
discrimination but in whether they report it together with calibration and external-validation evidence.

Calibration evidence was reported in only 12 of 93 studies (12.9%). Four of these were SSA studies, and only one [72] provided
external calibration evidence; the other three reported internal calibration evidence only: a Hosmer—Lemeshow and Brier-score
assessment of an Ethiopian neonatal-sepsis nomogram [100], an optimism-adjusted calibration slope in a Tanzanian model [118],
and internal calibration of a Nigerian stillbirth model [119]. Without a calibration slope, intercept or plot from an external cohort, a
prediction is not safely actionable in routine clinical use [28, 124, 125].

External validation was documented in only 19 of 93 (20.4%) studies (Table 1). The wider transportability evidence points in the
same direction. The validation of a high-income hypertensive-pregnancy model in the Ghana SPOT cohort returned a calibration
slope of 0.08 and a C-statistic of 0.52 [72], the kind of miscalibration that routine calibration reporting is designed to detect. The
largest external validation of stillbirth models published to date (Allotey 2022) [35], using individual-patient data from 19 IPPIC
cohorts (491,201 women), validated three published high-income models (Smith 2007 [126], Yerlikaya 2016 [106] and Trudell 2017
[117]) and reported summary C-statistics of 0.53 to 0.65 and no net benefit on decision-curve analysis. None of the 19 IPPIC
cohorts was SSA-based. Models developed and validated entirely in high-income settings cannot be assumed to transfer cleanly to
SSA populations, where prevalence, predictor distributions and care pathways differ.
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The methodological infrastructure already exists. Wynants and colleagues' systematic review of COVID-19 prediction models
found that the overwhelming majority were at high risk of bias, with poor reporting and weak external validation; this review
documents the same pattern in the perinatal mortality field [127]. TRIPOD + Al (2024) requires calibration and external validation
reporting alongside discrimination [28] and PROBAST + Al (2025) penalises single-cohort development without held-out validation
[29].

Data infrastructure for developing and externally validating perinatal-mortality prediction models in SSA exists including DHS
surveys at national scale [128, 129], multi-country pregnancy cohorts, trials and population-based studies such as PRECISE
pregnancy cohort (n = 6,932 women) across The Gambia, Kenya and Mozambique [130]; the Alliance for Maternal and Newborn
Health Improvement (n = 278,186 pregnancies) across 11 sites (eight countries in SSA and three South Asia) [131]; the Every
Newborn-INDEPTH study (n = 69,176 women) across five INDEPTH sites [132]; and the ALERT trial perinatal e-registry (n = 130,000)
births across 16 hospitals in Benin, Malawi, Tanzania and Uganda [133]. Many have not been used to develop and externally
validate a stillbirth or neonatal-death prediction modelling that meets the TRIPOD + Al standards, and we are now using PRECISE,
ALERT and EN-INDEPTH data to begin closing that gap.

Strengths and limitations

This review is, to our knowledge, the first to systematically stratify perinatal prediction models by SSA versus non-SSA across all
six domains of predictors, data sources, modelling approaches, evaluation metrics, model performance and validation practices.
The review searches five major databases, extracts to a six-domain framework agreed in advance, applies PRISMA-ScR reporting,
and reports per-study transportability routes for the 19 transportability-relevant studies (Fig. 6 and Table S7). The review also
presents per-study TRIPOD + Al reporting completeness and PROBAST + Al risk-of-bias assessments for all 93 included studies,
which to our knowledge has not previously been done at this scale for perinatal prediction models.

Four limitations should be noted. First, head-to-head comparison of AUCs across model families and outcomes was constrained
by small cell sizes once studies were stratified by region, family and outcome; AUPRC, calibration and decision-curve metrics were
reported too sparsely to allow a parallel performance analysis. Second, the review reflects publication patterns rather than
implementation. Only one study (the Malawian PeriWatch Vigilance deployment [45]) reported pragmatic deployment in an SSA
labour ward, so the gap between published models and clinical use in SSA is one this review can frame but not answer. Third,
definitions of stillbirth and neonatal death varied across the corpus (gestational-age cut-offs of > 20, 224, > 28 weeks and others),
and outcome counts in this review are based on each study's own definition rather than a harmonised threshold. Fourth, although
we conducted TRIPOD + Al and PROBAST + Al assessments, we did not pool risk-of-bias quantitatively. Pooled synthesis was
outside the scope of this scoping review and should be the subject of a future systematic or scoping review.

Implications and recommendations
Three priorities follow for strengthening predictive modelling for stillbirth and neonatal death in SSA.
Priority 1

Model development in SSA should adopt TRIPOD + Al [28] reporting and report calibration alongside discrimination as a default.
Routine perinatal data systems should also be strengthened, since data completeness and quality currently constrain model
development in the region. The current calibration reporting rate of four of 26 SSA studies, only one of which used an external
dataset remains a major barrier to clinical adoption.

Priority 2

Multi-site external validation of promising SSA-developed and SSA-validated models should be pre-registered, conducted on
populations independent of those used for development, and use shared protocols across SSA networks (PRECISE, AMANHI, EN-
INDEPTH, ALERT) so that results are comparable; validated models should then be embedded in existing platforms and workflows,
such as perinatal e-registries and cardiotocography monitoring, so that they change decisions at the point of care.

Priority 3
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Decision-curve and net-benefit reporting, currently absent in the SSA studies we reviewed, should be standard for any model
intended to inform clinical practice; without it, the question of whether a model improves care cannot be answered. Priority should
also go to models built on predictors routinely available in SSA facilities, so that risk tools remain usable where ultrasound and
laboratory markers are scarce, which is a question of equity as much as of method.

CONCLUSION

Prediction models for stillbirth and neonatal death in SSA remain under-represented and largely internally validated.
Methodological standards and SSA-relevant data platforms to address this gap are already in place; the bottleneck is application.
Future SSA work should be pre-registered on existing perinatal data platforms, externally validated across countries, and reported
in line with TRIPOD + Al guidelines.

Abbreviations
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Abbreviation
Al

ALERT
AMANHI
ANC

ANN

APGAR

AUC

AUC-PR (AUPRC)
AUROC

BMI

BW

C-index / C-
statistic

CART
CatBoost
CDH
Cl
CNN
CTG
cv
DCA
DHS
DT
EBM
EDHS
EFW
EN-INDEPTH
ENND
FGR
GA
GAM
GB
GDM
GLM
HDP
HELLP

Definition

Artificial intelligence

Action Leveraging Evidence to Reduce perinatal mortality and morbidity (trial / perinatal e-registry)

Alliance for Maternal and Newborn Health Improvement
Antenatal care

Artificial neural network

Appearance, Pulse, Grimace, Activity and Respiration score

Area under the (receiver operating characteristic) curve
Area under the precision-recall curve

Area under the receiver operating characteristic curve
Body mass index

Birth weight

Concordance index / concordance statistic

Classification and regression tree
Categorical boosting

Congenital diaphragmatic hernia
Confidence interval

Convolutional neural network
Cardiotocography
Cross-validation

Decision-curve analysis
Demographic and Health Survey
Decision tree

Explainable boosting machine
Ethiopian Demographic and Health Survey
Estimated foetal weight

Every Newborn-INDEPTH study
Early neonatal death

Foetal growth restriction
Gestational age

Generalised additive model
Gradient boosting

Gestational diabetes mellitus
Generalised linear model
Hypertensive disorders of pregnancy

Haemolysis, elevated liver enzymes and low platelets
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HR Hazard ratio

INDEPTH International Network for the Demographic Evaluation of Populations and their Health
IPPIC International Prediction of Pregnancy Complications (network)

IQR Interquartile range

ISS Injury Severity Score

IUFD Intrauterine foetal death (demise)

IVH Intraventricular haemorrhage

KCMC Kilimanjaro Christian Medical Centre

KNN K-nearest neighbours

LASSO Least absolute shrinkage and selection operator

LDA Linear discriminant analysis

LightGBM (LGBM)  Light gradient-boosting machine

LR Logistic regression

LSTM Long short-term memory

MCC Matthews correlation coefficient

MICE Multiple imputation by chained equations

ML Machine learning

MLP Multilayer perceptron

MNHR Maternal and Newborn Health Registry

MSE Mean squared error

NB Naive Bayes

NEC Necrotising enterocolitis

NICU Neonatal intensive-care unit

NND Neonatal death

NPV Negative predictive value

NSQIP-P National Surgical Quality Improvement Program - Pediatric
nuMoM2b Nulliparous Pregnancy Outcomes Study: Monitoring Mothers-to-be
PAPP-A Pregnancy-associated plasma protein-A

PCC Population, Concept, Context

PE Pre-eclampsia

PGM Probabilistic graphical model

pp Percentage points

PPHN Persistent pulmonary hypertension of the newborn

PPV Positive predictive value

PRECISE PRECISE Network pregnancy cohort (The Gambia, Kenya and Mozambique)
PRISMA-ScR Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for Scoping Reviews
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PROBAST+AI Prediction model Risk Of Bias ASsessment Tool (artificial intelligence extension)

RDS Respiratory distress syndrome
RF Random forest
ROC Receiver operating characteristic
SB Stillbirth
SE Standard error
SGA Small for gestational age
SHAP SHapley Additive exPlanations
SLE Systemic lupus erythematosus
SMOTE Synthetic minority oversampling technique
SSA Sub-Saharan Africa
SVM Support vector machine
TOP Termination of pregnancy
TRIPOD+AI Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (artificial
intelligence extension%
UtA-PI Uterine artery pulsatility index
VLBW Very low birth weight
VON Vermont Oxford Network
WHO World Health Organization
XGBoost Extreme gradient boosting
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Figure 1

Conceptual framework and study flow

Conceptual framework and study flow. (A) Conceptual framework structured around the Population, Concept, Context (PCC)

approach, with data extraction guided by TRIPOD+AI and quality appraisal guided by PROBAST+AI across six predefined domains.

(B) PRISMA-ScR flow diagram showing study identification, screening, and inclusion.
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Temporal dynamics of predictive modelling research for stillbirths and neonatal deaths, 2011-2024.
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Figure 3

Evidence map of predictive models for stillbirths and neonatal deaths: a systematic summary across six analytical domains and
World Bank regions (N = 93 studies).

SB refers to stillbirths, NND refers to neonatal deaths and Both SB & NND refers to stillbirths and neonatal deaths and/or perinatal
deaths measured in the same study
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Predictor landscape across the 93 included studies (categories: Maternal | Foetal | Clinical | Sociodemographic)
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Panel A: labels show the SSA minus Non-SSA gap in percentage points, displayed only where the gap is at least 10.

Figure 4

Predictor landscape across the 93 studies

Predictor categories include maternal, foetal, clinical and sociodemographic. Panel A labels show the SSA minus non-SSA gap in
percentage points displaying only where the gap is at least 10%.
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Non-SSA (56 of 67 reporting AUC-ROC)

SSA (21 of 26 reporting AUC-ROC)

Figure 6
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External validation and transportability of predictive models.
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Panel A: Predictive models involving sub-Saharan African countries (n=6).
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Figure 5

One dot per study (paper’s highest AUC-ROC from performance text; AUPRC/AUC-PR excluded), coloured by seven mutually-exclusive
model-family combinations in Table 1. Grey crossbar = median across studies in each model family. SB refers to stillbirths, NND refers
to neonatal deaths and Both SB & NND refers to stillbirths and neonatal deaths and/or perinatal deaths measured in the same study




Panel B: External validation and transportability involving SSA and non-SSA sites (n=19).

Panel A: Predictive models with itemised sub-Saharan African development or validation cohorts (n=6: Olde Loohuis 2025 [72],
Ngwenya 2021 [84], Pepler 2012 [88], Shukla 2020 [96], Silva 2025 [97], Housseine 2022 [118]). Each colour is one study; multi-country
studies draw one arrow or self-loop per mapped country route.

Panel B: External validation and transportability across the 19 studies reporting external validation. Each colour represents one study;
multi-country studies draw one arrow or self-loop per mapped country route. Five validation-design modes are shown: (i) temporal
validation within the same country (n=4: refs 39, 88, 91, 109); (ii) geographic or hold-out validation within the same country (n=5: refs
41, 65, 78, 107, 112); (iii) cross-country external validation (n=7: refs 35, 70, 72, 84, 118, 120, 122); (iv) prospective external validation in
the same facility (n=1: ref 95); and (v) multi-region pooled or temporal validation including SSA and non-SSA sites (n=2: refs 96, 97).
Within mode (iii), one transport is within sub-Saharan Africa (Nigeria to Tanzania; ref 118), two are intra-European (United Kingdom to
Austria, ref 120; United Kingdom to the Netherlands, ref 122), one is a United Kingdom to China transport (ref 70), two involve SSA as
origin or destination (refs 72, 84), and one bypasses sub-Saharan Africa entirely (ref 35). Allotey 2022 (ref 35) is shown as a United
Kingdom evidence-hub loop because the IPPIC validation cohort countries are not itemised in the source paper.

Base map: Natural Earth medium scale and country boundaries. Circles denote development origins and triangles validation
destinations; self-loops indicate validation in the same location as development.
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