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Abstract
Background: Postpartum hemorrhage (PPH) is a leading cause of maternal mortality globally, with 
the highest burden in low- and middle-income countries, including regions of Southeast Asia.  Given 
the limited predictive accuracy of traditional risk assessment models, artificial intelligence (AI)-based 
predictive models have emerged as a promising approach to enhance early detection and prevention.
Objectives: To evaluate the effectiveness of AI-based predictive models for PPH through a systematic 
review and meta-analysis.
Methods: Following Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRIS-
MA) guidelines, we conducted a systematic search of multiple databases (EMBASE, MEDLINE, Sci-
enceDirect, CINAHL, Google Scholar, and Thai-specific resources) for studies published from 2015 
to 2025. Conference abstracts, reviews, and studies without specific PPH outcomes were excluded. 
Two independent reviewers screened studies, extracted data using the Checklist for Critical Appraisal 
and Data Extraction for Systematic Reviews of Prediction Modelling Studies (CHARMS) and PROB-
LAST. Statistical analysis was performed using R version 4.4.3.
Results: Eleven studies were included, employing algorithms such as XGBoost, Logistic Regression, 
Random Forest, and Gradient Boosting. The pooled AUROC was 0.850 (95% CI: 0.789–0.912), in-
dicating good predictive performance. However, there was substantial heterogeneity (I2 = 99.6%),  
primarily due to differences in populations, PPH definitions, and modeling approaches. Most studies  
relied on internal validation and did not originate from Southeast Asia, highlighting a significant  
regional evidence gap. The risk of bias was largely unclear due to inadequate reporting on blinded 
predictor assessment and validation methods. Furthermore, a funnel plot analysis suggested potential 
publication bias, especially among smaller studies.
Conclusion: AI-based models show promise for predicting PPH but require external validation to confirm 
generalizability. The absence of studies from Southeast Asia underscores the need for region-specific 
research, including in Thailand, to develop and validate context-appropriate models for clinical use.
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Introduction 
	 Postpartum hemorrhage (PPH) remains one 
of the most serious complications of childbirth 
and is a leading cause of maternal mortality  
worldwide. Despite being largely preventable, 
PPH continues to contribute significantly to  
maternal deaths.(1) Traditionally, the prevention 
of PPH has relied on risk factor-based assess-
ment, which stratifies women into low, moder-
ate, or high-risk categories based on known pre-
dictors such as multiple gestation, macrosomia,  
or placenta previa. However, recent guidelines 
have shifted from this traditional approach  
toward prioritizing early detection due to the 
limited predictive accuracy of conventional 
risk assessment tools.(2–5) Evidence shows that 
PPH can occur in women with no apparent risk  
factors and, conversely, may not occur in those 
classified as high risk. Additionally, some  
relevant risk factors, such as maternal diabe-
tes, hypertension, and ethnicity, are not consis-
tently integrated into standard risk assessment  
protocols.(6) These limitations underscore the un-
predictable and multifactorial nature of PPH and 
highlight the need for more dynamic and individ-
ualized approaches. The transition toward early 
detection reflects a growing recognition that ac-
curate prediction based solely on pre-existing 
risk factors is insufficient. Early identification of 
bleeding through real-time monitoring enables 
timely clinical Intervention, potentially reducing 
morbidity, improving maternal outcomes, and in-
creasing survival rates.(5,7–9) 

	 Several tools have been developed to  
predict PPH risk, including the California  
Maternal Quality Care Collaborative (CMQCC) 
tool, introduced in 2010.(10) This tool stratifies 
patients by risk level (low, moderate, high) 
and has been implemented in various settings,  
including hospitals in Thailand, such as Buri-
ram Hospital(11) and Charoenkrung Pracharak 
Hospital.(12) However, these evaluations reported 
no significant improvement in the prediction  
of antepartum hemorrhage. Other established tools 
include those developed by the Association  
of Women’s Health, Obstetric and Neonatal 
Nurses (AWHONN)(13) and the American College 

of Obstetricians and Gynecologists (ACOG) 
Safe Motherhood Initiative.(14) While CMQCC 
emphasizes hospital-level implementation guide-
lines, AWHONN focuses on nursing-led clinical 
assessment tools, and ACOG provides broader 
obstetric practice guidelines within its Safe Moth-
erhood Initiative. Despite their widespread use, 
these tools show varying performance. Reported 
sensitivity for predicting transfusion of ≥1 unit of 
blood ranges from 0.57 to 0.83 (CMQCC), 0.96 
(AWHONN), and 0.54 to 0.88 (ACOG). Speci-
ficity values are similarly limited, ranging from 
0.26 to 0.72 (CMQCC), 0.09 (AWHONN), and 
0.25 to 0.70 (ACOG).(1) These figures illustrate 
that the predictive capabilities of current tools re-
main suboptimal, further emphasizing the need 
for more effective early detection strategies.
	 These limitations in traditional scoring  
systems have prompted exploration into advanced 
computational methods capable of  integrat-
ing diverse clinical and demographic variables.  
Advancements in Machine Learning (ML) and 
Big Data analytics have introduced transforma-
tive opportunities for developing more accurate 
and adaptive medical risk prediction models. 
This approach aligns with the concept of P4 
Medicine, which encompasses Predictive, Pre-
ventive, Personalized, and Participatory medicine, 
a significant direction in modern healthcare(15) 

i.e., hospitals and clinics alone are not capable 
to cope with this situation. One of the major 
technology that aids contemporary healthcare 
solutions is the smart and connected wearables. 
The advancement in Internet of Things (IoT. 
Compared to traditional risk assessment tools, 
ML-based models have demonstrated signifi-
cantly improved predictive performance across 
a range of clinical applications. However, prior 
studies on AI-based PPH prediction models 
vary widely in terms of model selection, sample 
size, feature inclusion, and study design, reflecting 
both the complexity and adaptability of this 
emerging field.(16–18) 

	 A systematic review and meta-analysis 
are essential to assess the predictive accuracy, 
methodological rigor, and clinical applicability 
of AI-driven postpartum hemorrhage (PPH) 
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prediction models. This review will address the 
research question: “What is the effectiveness of 
AI-based predictive models for postpartum hem-
orrhage prediction?” The primary objectives are 
to synthesize existing evidence, evaluate meth-
odological quality, and identify research gaps. A 
significant gap exists in Southeast Asia, including 
Thailand, where PPH-related maternal mortality 
is a significant concern, limiting the applicabil-
ity of existing global models. The findings will 
contribute to the development of AI-powered 
risk prediction tools and inform strategic rec-
ommendations for their implementation within 
Thailand’s maternal healthcare system.

Methods
	 This study is a systematic literature review 
and meta-analysis. A comprehensive search was 
conducted across multiple electronic databases, 
including EMBASE, MEDLINE, ScienceDirect, 
CINAHL, Google Scholar, Thai Journals Online, 
ThaiLIS Digital Collection, and the Thai Thesis 
& Research Databases, covering the period from 
2015 to February 2025. The review adhered 
to the PRISMA (Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses) 
guidelines(19) and followed the TRIPOD-SRMA 
(Transparent Reporting of a multivariable pre-
diction model for Individual Prognosis or  
Diagnosis Systematic Reviews and Meta-Anal-
yses) reporting standards.(20) Two independent 
reviewers screened the titles, abstracts, and 
full-text articles based on predefined inclusion 
and exclusion criteria. Any discrepancies were 
resolved through discussion, with consultation 
from a third reviewer when consensus could not 
be reached.

Eligibility criteria for study selection
	 Studies were included if they involved the 
development of prediction models using artificial 
intelligence (AI) for PPH. Eligible studies must 
be original research published between 2015 and 
2025 and must employ machine learning, deep 
learning, or other statistical modeling techniques 
to predict PPH. Studies will be excluded if they 
are conference abstracts, review articles, or if 
PPH is not evaluated as a distinct outcome (i.e., 

included as part of a composite with other ob-
stetric complications). Articles for which the full 
text is not accessible will also be excluded from 
the analysis.

Search strategy
	 The search strategy was guided by the PICO 
framework. For the Participant (P) component, 
no additional search terms were required, as 
postpartum hemorrhage (PPH) is a condition 
that exclusively affects pregnant women. The 
Intervention (I) component incorporated key-
words related to predictive modeling, including 
“prediction model,” “statistical model,” “ma-
chine learning,” “deep learning,” and “artificial 
intelligence.” The Comparison (C) component 
was not applicable, as the study did not involve 
a comparative intervention. The Outcome (O) 
component was defined as “postpartum hemor-
rhage.” The complete search strategies for each 
database, including keywords, Boolean oper-
ators, and filters to ensure reproducibility. To 
manage and organize the search results efficient-
ly, bibliographic management software was em-
ployed throughout the literature review process.

Study selection
	 All search results were screened for rele-
vance based on the predefined eligibility criteria. 
Title and abstract screening, followed by full-text 
review, was independently performed by two 
reviewers. Discrepancies at any stage were re-
solved through discussion; if consensus was not 
reached, a third reviewer was consulted to make 
the final decision.

Risk of bias assessment
	 The risk of bias in included studies were as-
sessed using the Prediction Model Risk of Bias 
Assessment Tool (PROBAST).(21) PROBAST is 
specifically designed for evaluating the method-
ological quality of prediction model studies. Two 
reviewers performed the risk of bias assessments 
independently. Any disagreements was discussed 
and resolved by consensus, with the involvement 
of a third reviewer if necessary.
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Data extraction
	 Researchers utilized a data extraction form 
that integrates elements from both the Checklist 
for Critical Appraisal and Data Extraction for 
Systematic Reviews of Prediction Modelling 
Studies (CHARMS) and PROBAST frameworks, 
as recommended by Fernandez-Felix et al.(22),  
to facilitate simultaneous data extraction and 
quality assessment. The extracted data  included 
key study characteristics (e.g., first author, publi-
cation year, country of origin, study design, sam-
ple size, and study period), model characteristics 
(e.g., type of machine learning algorithm, input 
features, prediction time point, and outcome 
definition), and model development details (e.g., 
training and validation methods, sample size  
used for model development, and approaches to 
handling missing data). Additionally, information 
on model performance was collected, includ-
ing discrimination metrics (e.g., area under the  
receiver operating characteristic curve (AUROC)), 
calibration metrics, and any other reported per-
formance measures. Missing data were addressed 
through two distinct approaches. First, for 
studies with incomplete data, missingness was  
recorded as ‘not specified’ if no method was  
reported.  Second, for studies that did not report 
a 95% confidence interval (CI) for the AUROC, 
the CI was input to enable quantitative synthesis. 

Data analysis
	 Data analysis was conducted using R soft-
ware (version 4.4.3), employing the meta and 
metafor packages for statistical synthesis.  
Descriptive statistics were used to summarize 
the general characteristics of the included studies 
and prediction models. The primary measure of 
predictive performance was the C-statistic (area 
under the receiver operating characteristic curve, 
AUROC), reported with a 95% confidence in-
terval (CI). Where studies did not report the 
95% CI of the AUROC, it was calculated using  
the formula: 95% CI = Estimate ± (1.96 × Stan-
dard Error). This approach provided approxima-
tions for the lower and upper bounds of the CI. A 
random-effects meta-analysis was performed to 
pool AUROC values across studies, accounting 
for between-study variability. Results were visu-

ally presented using forest plots. Heterogeneity 
was assessed using the I² statistic, with thresh-
olds of 25%, 50%, and 75% representing low, 
moderate, and high heterogeneity, respectively. 
Publication bias was evaluated through visual in-
spection of funnel plots. To assess the robustness 
of the meta-analysis results, a sensitivity analysis 
was conducted by excluding studies in which the 
95% CI of the AUROC was derived via calcula-
tion rather than directly reported.
	 Subgroup analyses were conducted to ex-
plore the high heterogeneity observed in the 
pooled analysis. The first analysis compared 
models based on their validation strategy, cate-
gorizing them into those with internal validation 
only and those with both internal and external 
validation; this aimed to evaluate generalizability 
and robustness. The second subgroup analysis 
was performed by country to assess the impact 
of national context, including population char-
acteristics and healthcare systems, on predictive  
performance. These analyses focused on com-
paring pooled AUROC values and heterogene-
ity statistics(12) for each subgroup to gain deeper  
insights into the sources of variability.

Results
Study selection
	 The study selection process began with a 
comprehensive search of six electronic databases: 
EMBASE (607 records), MEDLINE (246 records), 
ScienceDirect (739 records), CINAHL (122  
records), Google Scholar (160 records), and  
Thai databases (0 records), resulting in a total 
of 1,874 records. After removing 376 duplicate  
records, 1,498 unique records remained for 
screening. During the initial screening phase 
based on titles and abstracts, 1,395 records were 
excluded for not meeting the inclusion crite-
ria, and an additional 36 records were removed 
for being conference abstracts; this resulted in 
67 articles subjected to full-text review. After a  
detailed assessment, 56 articles were excluded 
for the following reasons: 24 did not involve the 
development of a prediction model, 14 were not 
conducted in a general postpartum population, 
six did not use machine learning techniques,  
4 were image-based model studies, 4 were nar-
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rative reviews, and 4 were systematic reviews.  
Ultimately, 11 studies met all inclusion criteria and 
were included in the final analysis (Figure 1).

Study and model characteristics
	 Among the 11 studies included in this review 
on PPH prediction using machine learning, pub-
lications spanned from 2020 to 2024 and were 

Records identified from: 
• EMBASE: 607
• MEDLINE: 246
• Science Direct: 739
• CINAHL: 122
• Google Scholar: 160 
• Thai Journals Online: 0
• ThaiLIS Digital Collection: 0
• Thai Thesis & Research        
  Databases: 0

• Total: 1,874   

Id
en

tifi
ca

tio
n

Records removed before 
screening:
• Duplicate records 
removed (n = 376)

Records screened
(n =1,498)

Records excluded
• Irrelevant (n = 1,395)
• Conference Abstract (n=36)

Reports sought for retrieval
(n = 67)Sc

re
en

in
g

Reports assessed for eligibility
(n = 67)

Reports excluded:
• Not developed prediction 
model (n =24)

• Not general population 
(n=14)

• Non-ML model (n =6)
• Imaging model study (n=4)
• Narrative Review (n =4)
• Systematic Review (n =4)

Reports not retrieved (n = 0)

In
cl

ud
ed Studies included in review

(n = 11)

Identification of studies via databases and registers

Figure 1. Results of the literature search and selection of included studies

conducted across various countries, including 
the United States, China, Iran, Kenya, Rwanda, 
and Nigeria. Most studies employed a retrospec-
tive design (n = 9), while two were prospective 
and one was a case-control study. Study periods 
ranged from 2002 to 2023, with data sourced 
from electronic medical records, maternal and 
infant health surveillance systems, and struc-
tured interviews. Sample sizes varied signifi-
cantly, ranging from 430 to 152,279 participants. 
Reported PPH incidence ranged from 1.4% to 
37.1%. The study settings were diverse, includ-
ing community health centers, single hospitals, 
multiple hospitals, tertiary care facilities, and 

quaternary medical centers. Definitions of PPH 
were not uniform; most studies defined it as an 
estimated blood loss (EBL) of ≥1,000 milliliters, 
while others used thresholds of >500 milliliters 
for vaginal delivery or >1,000 milliliters for ce-
sarean delivery. Additional criteria included a he-
matocrit reduction of >10% or the requirement 
for blood transfusion (Table 1).
	 The machine learning models applied in these 
studies varied in algorithm selection and devel-
opment methods. XGBoost, a tree-based gradi-
ent boosting algorithm, was the most frequently 
used, appearing in five studies and identified as 
the best-performing model in two. Other com-
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monly employed algorithms included Logistic 
Regression (LR), Random Forest (RF), and vari-
ous gradient boosting methods. Feature selection 
techniques differed across studies, incorporating 
approaches such as LASSO regularization, back-
ward stepwise elimination, and recursive feature 
elimination. All models aimed to predict PPH 
during the peripartum period, encompassing both 
intrapartum and immediate postpartum phases. 
Approaches to handling missing data also varied, 
with complete-case analysis, multiple imputa-
tion, and median imputation being the most prev-
alent. For internal validation, studies commonly 
utilized random data splitting, cross-validation, 
or bootstrapping methods (Table 2).

Risk of bias and applicability
	 The results of the risk of bias assessment for 
machine learning-based PPH prediction mod-
els indicated that, in the Participants domain, 
most studies demonstrated a low risk of bias. In 
contrast, the Predictors and Outcome domains 
were predominantly rated as having an unclear 
risk, reflecting limited reporting or variability 
in definitions and measurement. In the analysis 
domain, studies generally showed either low or 
unclear risk of bias, depending on the transparen-
cy and robustness of the modeling and validation  
approaches employed (Table 3). In terms of  
applicability, all included studies were assessed 
as having low concern across all domains;  
this suggests that, despite some uncertainty in 
methodological reporting, the models have 
strong potential for application in relevant  
clinical settings.

Results of Syntheses
	 A total of 11 studies were included in the  
meta-analysis using a forest plot with imputed 
confidence intervals (CIs). The pooled area under 
the receiver operating characteristic curve (AU-
ROC) was 0.908 (95% CI: 0.904–0.911) under 
a fixed-effect (common-effect) model, and 0.850 
(95% CI: 0.789–0.912) under a random-effects 
model. Among the studies, the highest AUROC 
was observed in Mehmoush et al. (2023), with  
a value of 0.990 (95% CI: 0.978–1.002), followed 

by Krishnamoorthy et al. (2022) and Westcott  
et al. (2022), reporting AUROCs of 0.980 (95% 
CI: 0.965–0.995) and 0.979 (95% CI: 0.972–0.986), 
respectively. Conversely, the lowest  AUROC values 
were reported by Shah et al. (2023) at 0.760 
(95% CI: 0.745–0.775) and Zheutlin et al. (2022) 
at 0.710 (95% CI: 0.695–0.725) (Figure 2).
	 To assess the robustness of the findings, a 
sensitivity analysis was conducted, excluding 
studies with imputed confidence intervals. In  
this restricted analysis of the five studies that  
reported complete AUROC CIs, the pooled AU-
ROC remained consistent under a fixed-effect 
model (0.907; 95% CI: 0.903–0.912) and slightly 
decreased under a random-effects model (0.830; 
95% CI: 0.723–0.937). Heterogeneity was found 
to be statistically significant in both analyses  
(p < 0.001), with I² values of 99.8% and 99.6%, 
respectively, indicating substantial variability 
across studies (Figure 3).
	 Subgroup analyses were conducted to in-
vestigate the high heterogeneity among studies.  
A comparison of models based on validation 
strategy showed that those with external valida-
tion had a slightly lower pooled AUROC (0.834) 
than those with only internal validation (0.856) 
(Figure 4). While this difference was significant 
in the common-effect model (p=0.01), it was not 
in the random-effects model (p=0.72), suggesting 
external validation provides more conservative 
and realistic performance estimates, which was 
crucial for assessing generalizability. A separate 
subgroup analysis by country revealed significant 
between-country differences in pooled AUROC 
values, which ranged from 0.990 in Iran to 0.720 
in Nigeria (p<0.001) (Figure 5); this indicates 
that the national context encompasses variations 
in population and healthcare systems.
	 Visual inspection of the funnel plot revealed 
notable asymmetry in the distribution of study 
effect sizes, suggesting potential publication  
bias (Figure 6). Specifically, studies with higher 
standard errors, typically corresponding to smaller 
sample sizes, exhibited greater variability in 
reported AUROC values, ranging from low to 
high, whereas studies with lower standard errors, 
usually larger studies, demonstrated a more sym-
metrical and consistent distribution of AUROC 
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Table 3. Risk of bias and applicability assessment

Author, Year

Risk of Bias Applicability Overall 

 1
. P

ar
tic

ip
an

ts

 2
. P

re
di

ct
or

s

 3
. O

ut
co

m
e

 4
. A

na
ly

si
s

 1
. P

ar
tic

ip
an

ts

 2
. P

re
di

ct
or

s

 3
. O

ut
co

m
e

 R
is

k 
of

 B
ia

s

 A
pp

lic
ab

ili
ty

Venkatesh et al., 2020 + ? ? ? + + + ? +
Goad et al., 2021 + ? ? + + + + ? +
Krishnamoorthy et al., 2022 + ? ? ? + + + ? +
Westcott et al., 2022 + ? ? ? + + + ? +
Zheutlin et al., 2022 + + + + + + + + +
Mehrnoush et al., 2023 + ? ? ? + + + ? +
Shah et al., 2023 + + ? - + + + - +
Ende et al., 2024 + ? ? + + + + ? +
Holcroft et al., 2024 + ? ? ? + + + ? +
Wang et al., 2024 + ? ? ? + + + ? +
Okunade et al., 2024 + + ? + + + + ? +

Figure 2. Forest Plot of AUROC for Studies Including Imputed CIs
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Figure 3. Forest plot of AUROC for studies with reported Cis

Figure 4. Forest plot of AUROC by external validation status (including imputed CIs).
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Figure 5. Forest plot of AUROC by country (including imputed CIs).

estimates. This pattern is indicative of small-
study effects and may reflect selective report-
ing or publication bias. Egger’s regression test  
supported this observation, yielding an intercept 
of -18.52 (p = 0.041), which indicated statistically  
significant asymmetry.

Discussion
	 This systematic review and meta-analysis 
included 11 studies that employed various AI/
ML algorithms for PPH prediction. The pooled 
AUROC of 0.850 (95% CI: 0.789–0.912) suggests 
good predictive performance. However, this  
finding is significantly tempered by substantial 
heterogeneity (I2>99%), which was driven by 
differences in study populations, PPH defini-
tions, and modeling approaches. Models with  
exceptionally high AUROC values (e.g., 0.98 - 0.99) 
should be interpreted cautiously as they may 
overfit, especially without external validation.

	 Subgroup analyses revealed significant  
heterogeneity. Country-level comparisons showed 
pooled AUROC values ranging from 0.990 in 
Iran to 0.720 in Nigeria (p< 0.001). Models with 
external validation yielded slightly lower pooled 
AUROC, indicating that external validation offers 
a more conservative estimate of generalizability.
	 The risk of bias assessment was compli-
cated by poor reporting on key methodolog-
ical domains, such as the blinding of predictor 
assessment and details of validation. This lack 
of transparency raises concerns about the  
reproducibility of reported performance metrics. 
Furthermore, a funnel plot analysis suggested 
potential publication bias, where smaller stud-
ies may have reported more extreme positive  
results, which could inflate the overall pooled  
performance estimates.
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Figure 6. Funnel Plot

	 A critical limitation is the complete absence 
of studies from Southeast Asia, including Thai-
land, a region where PPH remains a significant 
cause of maternal mortality. This gap underscores  
the urgent need for region-specific research to  
develop and validate context-appropriate models. 
In conclusion, while AI-based PPH prediction 
models hold considerable promise, their current 
evidence base is limited by high heterogeneity, 
potential publication bias, a lack of external 
validation, and regional gaps. Addressing 
these issues is crucial for translating predictive  
performance into tangible clinical benefits and  
improving maternal health outcomes.

	 This systematic review and meta-analysis have 
several notable strengths. First, it incorporates 
data from studies conducted in multiple countries, 
contributing to demographic and geographic  
diversity that enhances the generalizability of 
the findings. The use of varied machine learning 
models across the studies allowed for a broad 
evaluation of predictive approaches, many of 
which demonstrated strong performance. Nota-
bly, most studies reported AUROC values greater 
than 0.8, and the pooled AUROC values of 0.908 
under the fixed-effect model and 0.850 under  
the random-effects model indicate that the models 
generally performed well in predicting PPH.  
Furthermore, the risk of bias assessments  
revealed that the majority of studies had a 
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low risk of bias in the participant domain and  
demonstrated good applicability across all  
evaluated domains.
	 Key limitations include substantial hetero-
geneity (I² > 99%), driven by variability in pop-
ulations, PPH definitions, and methodologies. 
Although subgroup analyses showed significant 
AUROC differences across countries, persistent 
within-country heterogeneity indicates that na-
tional context alone does not explain perfor-
mance variation. Funnel plot asymmetry suggests 
potential publication bias, while poor reporting 
hindered risk of bias assessment. Predominant 
reliance on internal validation limits generaliz-
ability, and the paucity of external validation un-
dermines confidence in real-world applicability. 
Despite promising performance, the evidence base 
is constrained by these factors and by limited 
interpretability. Region-specific model develop-
ment and validation, particularly in Southeast 
Asia, are essential to enhance translational  
impact on maternal health.
	 Interpretability is essential for clinical adop-
tion of AI models. Complex ensemble methods 
often function as “black boxes,” undermining cli-
nician trust and integration into decision making. 
Few studies employed explainability techniques 
like SHAP to elucidate feature importance.  
Future research should prioritize interpretable 
models or incorporate such tools to enhance 
transparency and clinician acceptance. 

Recommendations for future research and 
studies in Thailand
	 Future research should focus on comparing 
different machine learning models using  
standardized datasets to enable more reliable 
comparisons of model performance. Develop-
ing prediction models that can assess PPH risk 
during the antenatal period is also essential, as 
this would allow for timely preventive interven-
tions and resource planning. Additionally, there 
is a need to broaden the geographic scope of re-
search to include more studies from developing 
countries, especially in Southeast Asia. Thailand, 
in particular, would benefit from local research 
efforts that account for population-specific risk 
factors, healthcare infrastructure, and clinical 
practices.

Policy recommendations
	 To facilitate the development of accurate 
and context-appropriate PPH prediction models, 
Thailand should consider establishing a central-
ized national database that aggregates data from 
hospitals nationwide. Such a system would sup-
port large-scale model training and validation 
efforts. Investment in health information tech-
nology infrastructure is also critical, particular-
ly systems capable of real-time data collection 
and analysis to support clinical decision mak-
ing. Furthermore, national treatment guidelines 
should be updated to incorporate the use of val-
idated ML-based risk prediction tools as part of  
routine maternal care. Integrating these models 
into standard clinical workflows could enhance 
the timely identification and management of 
high-risk cases, ultimately improving maternal 
health outcomes.

Conclusion
	 Machine learning models, particularly XG-
Boost, have shown strong potential for predict-
ing PPH, with pooled AUROC values indicating 
good to excellent performance. However, most 
models remain in the early stages of development, 
with limited external validation, and are therefore 
not yet ready for routine clinical use. To move  
toward clinical readiness, future work should 
focus on validating these models in diverse,  
real-world populations and integrating them 
into clinical decision-support systems. Equally  
critical is ensuring model interpretability.  
Clinicians must be able to understand the key 
predictors and decision logic to build trust and 
enable effective use in time-sensitive obstetric 
care. Advancing both the robustness and trans-
parency of these tools, while adapting them to 
local healthcare contexts, will be essential for 
their successful adoption and impact on maternal 
outcomes.
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