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ABSTRACT 

Background: Childhood stunting remains a major public health problem, particularly in low- and middle-

income countries. Machine learning may support the identification and prediction of stunting by integrating 

multidimensional information related to maternal, child, household, socioeconomic, environmental, and 

nutritional factors. This systematic review aimed to synthesize evidence on machine learning-based models 
for stunting classification and prediction among children under five, including predictor domains, algorithm 

performance, model interpretability, and potential applications in child health programs. 

Method: A systematic review was conducted according to PRISMA 2020 guidelines. Studies published from 

January 2021 to January 2026 were searched in PubMed, Scopus, Google Scholar, Web of Science, and 

ScienceDirect. Eligible studies involved children under five, applied machine learning or deep learning 

algorithms to stunting-related outcomes, and reported at least one model-performance measure. Data were 

synthesized narratively, and methodological quality and applicability were assessed using the Prediction 

Model Risk of Bias Assessment Tool (PROBAST). 

Results: Fifteen studies met the inclusion criteria. Frequently reported predictor domains included maternal 

education, household socioeconomic status, birth weight, child age, maternal characteristics, sanitation, birth-

related factors, and geographical conditions. Random Forest, Gradient Boosting, and Extreme Gradient 

Boosting were commonly evaluated and demonstrated competitive performance across different datasets. 
However, comparisons were limited by heterogeneity in populations, predictors, preprocessing procedures, 

outcome definitions, validation strategies, and performance metrics. 

Conclusion: Machine learning-based models show potential for identifying and predicting childhood 

stunting. Further research should emphasize clear outcome definitions, external validation, transparent 

reporting, and evaluation in routine child health services before widespread implementation. 
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INTRODUCTION 

Stunting remains a major public 

health problem among children under five, 

particularly in low- and middle-income 

countries (LMICs). It is defined as a 

height-for-age Z-score below −2 standard 

deviations according to the World Health 

Organization (WHO) Child Growth 

Standards and reflects the cumulative 

effects of chronic undernutrition, recurrent 

infections, inadequate caregiving, and 

adverse environmental conditions during 

early life.[1,4,8] Approximately 148 million 

children under five were affected by 

stunted growth globally in 2024, 

indicating that progress toward 

Sustainable Development Goal (SDG) 2.2 

remains insufficient.[6,30] Beyond impaired 

linear growth, stunting is associated with 

adverse cognitive, immune, educational, 
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and economic outcomes, with potential 

consequences extending across the life 

course.[3,8,29,35] 

The development of stunting is 

multifactorial, involving interactions 

among maternal, child, household, 

environmental, and socioeconomic 

factors. Maternal nutritional status, birth 

weight, infant feeding practices, infectious 

diseases, household food insecurity, 

sanitation, environmental conditions, and 

socioeconomic circumstances may jointly 

influence child growth trajectories.[8,13–15] 

Because growth faltering can develop 

gradually before becoming clinically 

apparent, identifying children only after 

growth impairment has occurred may 

limit opportunities for preventive 

intervention.[1,8] Therefore, approaches 

that can identify children at increased risk 

before substantial growth deficits are 

established are important for 

strengthening early prevention and child 

health programs. 

Current stunting surveillance relies 

largely on anthropometric assessment, 

cross-sectional surveys, and conventional 

epidemiological analyses. These 

approaches are essential for monitoring 

nutritional status and population-level 

burden but are primarily oriented toward 

identifying existing growth deficits rather 

than estimating future risk.[4,6] 

Conventional statistical models may also 

have limitations in representing complex 

and nonlinear relationships among the 

multiple determinants of child growth.[7,8] 

These challenges have increased interest 

in machine learning (ML), which can 

incorporate multidimensional data and 

identify complex relationships among 

predictors. Various ML algorithms, 

including Random Forest, Extreme 

Gradient Boosting (XGBoost), Support 

Vector Machine, and neural network-

based approaches, have been applied to 

maternal, child health, and nutritional 

outcomes.[2,9,20] The increasing availability 

of routinely collected demographic, 

anthropometric, clinical, environmental, 

and socioeconomic data further provides 

opportunities for developing risk 

prediction models to support preventive 

strategies.[2,10,18] 

However, evidence on ML-based 

prediction of childhood stunting remains 

heterogeneous. Existing studies differ in 

population characteristics, data sources, 

predictor selection, algorithms, validation 

strategies, and performance metrics, 

limiting direct comparison of reported 

model performance. Predictor sets also 

vary considerably, ranging from child and 

maternal characteristics to household 

socioeconomic conditions, birth history, 

sanitation, feeding practices, and 

geographical factors.[2,8,16] In addition, 

predictive performance alone does not 

fully determine the usefulness of a model 

for child health practice. Model 

interpretability, explainability, 

methodological quality, validation, and 

feasibility of integration into routine child 

health services are also important 

considerations for translating predictive 

models into practice.[17,18,23] 

Although previous reviews have 

examined artificial intelligence and ML 

applications in healthcare and neonatal 

medicine more broadly [9,19,20], a focused 

synthesis of ML approaches for early 

prediction of stunting among children 

under five remains needed. In particular, 

evidence has not been systematically 

brought together across predictor 

domains, algorithm performance, model 

explainability, and considerations for 

implementation within child health 

programs. Addressing these dimensions 

may help clarify which predictors are 

repeatedly identified across studies, how 

reported algorithm performance varies 

across methodological settings, and what 

factors should be considered when 

translating prediction models into public 

health practice. 

Therefore, this systematic review 

aimed to synthesize evidence on ML 

approaches for the early prediction of 

stunting among children under five. 
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Specifically, the review examined the 

predictor domains used in prediction 

models, compared the reported 

performance of ML algorithms, assessed 

model interpretability and explainability, 

and considered the implications of these 

models for integration into child health 

programs. The synthesis also considered 

methodological challenges and areas 

requiring further validation to support the 

development and implementation of 

clinically and publicly relevant prediction 

models. 

 

METHODS 

This systematic review was 

conducted in January 2026. The review 

followed the Preferred Reporting Items 

for Systematic Reviews and Meta-

Analyses (PRISMA 2020) guidelines and 

aimed to synthesize evidence on machine 

learning-based classification and 

prediction of stunting among children 

under five years of age. The review 

focused on predictor domains, machine 

learning algorithms, model performance, 

explainability approaches, and potential 

applications in child health programs. 

A comprehensive literature search 

was conducted in January 2026 using 

PubMed, Scopus, Google Scholar, Web of 

Science, and ScienceDirect. The search 

strategy combined terms related to 

stunting, children under five, and machine 

learning using Boolean operators AND 

and OR. The main terms included 

“stunting,” “linear growth faltering,” 

“height-for-age,” “child,” “children,” 

“under-five,” “infant,” “toddler,” 

“machine learning,” “artificial 

intelligence,” “deep learning,” “predictive 

model,” “prediction,” “classification,” 

“Random Forest,” “XGBoost,” “Support 

Vector Machine,” “Gradient Boosting,” 

and “Artificial Neural Network.” The 

search strategy was adapted to the 

indexing system and syntax of each 

database. The complete database-specific 

search strategies, search dates, and search 

results are provided in Supplementary 

Table S1. Reference lists of eligible 

studies and relevant review articles were 

also manually screened. 

Studies were eligible if they were 

peer-reviewed original research articles 

published in English between January 

2021 and January 2026, involved children 

under five years of age, investigated 

childhood stunting or a directly relevant 

linear growth outcome, applied machine 

learning or deep learning algorithms for 

classification or prediction, and reported 

at least one model-performance measure, 

including accuracy, sensitivity, specificity, 

precision, F1-score, area under the 

receiver operating characteristic curve 

(AUC), or calibration. Studies examining 

general malnutrition were included only 

when stunting outcomes were reported 

separately. Reviews, conference abstracts, 

editorials, letters, commentaries, 

protocols, animal studies, and studies 

without adequate information on model 

development, validation, or predictive 

performance were excluded. 

Retrieved records were exported to 

reference management software, and 

duplicates were removed. Two reviewers 

independently screened titles, abstracts, 

and full-text articles. Disagreements were 

resolved through discussion, with 

adjudication by a third reviewer when 

necessary. Data were extracted using a 

standardized form covering author, 

publication year, country, study design, 

data source, sample size, participant 

characteristics, outcome definition, 

predictor variables, preprocessing, 

algorithms, validation methods, 

performance metrics, explainability 

techniques, and potential programmatic 

applications. 

Risk of bias and applicability were 

independently assessed using the 

Prediction Model Risk of Bias 

Assessment Tool (PROBAST), covering 

participants, predictors, outcomes, and 

statistical analysis. Studies with high or 

unclear risk of bias were retained but 

interpreted cautiously. Because of 
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substantial heterogeneity in populations, 

datasets, predictor sets, algorithms, 

preprocessing procedures, validation 

strategies, outcome definitions, and 

performance metrics, quantitative meta-

analysis was not performed. Findings 

were synthesized narratively according to 

three predefined dimensions: machine 

learning algorithms, predictor domains, 

and explainability approaches. Predictors 

were categorized into maternal, child, 

household socioeconomic, 

environmental/geographical, birth-related, 

nutritional, and healthcare-related 

domains. Explainability methods such as 

SHAP and feature-importance analysis 

were interpreted as approaches to improve 

model transparency rather than as 

evidence of causal relationships. No 

power calculation was required because 

the review involved previously published 

literature and no primary data collection. 

Ethical approval and informed consent 

were not required because no human 

participants or identifiable personal data 

were directly involved. 

 

RESULT 

The study selection process was 

conducted in accordance with the 

Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses (PRISMA) 

2020 guidelines. A total of 703 records 

were identified through a comprehensive 

search of five electronic databases, 

including Google Scholar (n = 467), 

PubMed (n = 106), Scopus (n = 50), 

ScienceDirect (n = 53), and Web of 

Science (n = 27). After removing 18 

duplicate records, 685 unique records 

remained for title and abstract screening 

(Figure 1). 

During the initial screening, 621 

records were excluded because they did 

not meet the predefined eligibility criteria. 

The main reasons for exclusion included 

studies that were not relevant to machine 

learning-based prediction of childhood 

stunting (n = 177), studies that did not 

apply machine learning algorithms (n = 

180), studies involving populations other 

than children under five years of age (n = 

105), and publications categorized as 

review articles, conference proceedings, 

editorials, letters, or study protocols (n = 

159). Following title and abstract 

screening, 64 full-text articles were 

assessed for eligibility. After full-text 

evaluation, 49 studies were excluded for 

several reasons, including failure to 

develop or validate a machine learning 

prediction model (n = 16), use of 

conventional statistical analyses without 

machine learning approaches (n = 18), 

evaluation of outcomes other than 

childhood stunting, such as wasting, 

underweight, obesity, or neonatal 

outcomes (n = 9), and insufficient 

reporting of machine learning 

methodology or model performance 

metrics (n = 6) 

Finally, 15 studies fulfilled all 

eligibility criteria and were included in the 

qualitative synthesis. These studies 

investigated a wide range of machine 

learning algorithms, including 

conventional classifiers, ensemble 

learning methods, deep learning models, 

and explainable artificial intelligence 

approaches, for the early prediction of 

stunting among children under five years 

of age. Collectively, the included studies 

provided comprehensive evidence 

regarding the role of maternal, child, 

household socioeconomic, environmental, 

and nutritional predictors in improving 

early identification of children at risk of 

stunting and supporting data-driven child 

health programs. Risk of bias and 

applicability were assessed using 

PROBAST across the domains of 

participants, predictors, outcomes, and 

statistical analysis. The assessment results 

are presented in Table 2.  
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 The main concerns involved 

participant selection, predictor 

measurement, outcome definition, 

missing-data handling, model 

development, overfitting control, and 

model validation. All eligible studies were 

retained in the qualitative synthesis. Due 

to differences in study populations, 

datasets, predictors, algorithms, validation 

procedures, and performance metrics, the 

findings were synthesized narratively 

rather than through quantitative meta-

analysis. 

Figure 1. Prisma Flow Diagram 

Records identified through database 
searching (N = 703) 
Google Scholar (n = 467) 
PubMed (n = 106) 
Scopus (n = 50) 
ScienceDirect (n = 53) 
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Duplicate records removed (n = 18) 

Records screened after duplicate 

removal (n = 685) 

Records excluded (n = 621) 
Not related to childhood stunting prediction (n = 

177) 
Did not apply machine learning algorithms (n = 
180) 

Population not under-five children (n = 105) 
Review articles, conference proceedings, 

editorials, letters, and study protocols (n = 159) 

Full-text articles excluded (n = 64) 

Did not develop or validate a machine learning 
prediction model (n = 16) 

Focused only on risk factor analysis using 
conventional statistical methods (n = 18) 
Outcome was not childhood stunting, e.g., 

wasting, underweight, obesity, or neonatal 
outcomes (n = 9) 
Insufficient reporting of machine learning 

methodology or model performance metrics (n 
= 6) 
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Table 1. Risk of Bias and Applicability Assessment Using PROBAST 

No. Study Participants Predictors Outcome Analysis Overall RoB Applicability 

1 Khan et al. (2021) Low Low Low High High Low 

2 Shen et al. (2023) Low Low Low Low Low Low 

3 Novalina et al. (2025) Low Low Low Unclear Unclear Low 

4 Mkungudza et al. (2024) Low Low Low Unclear Unclear Low 

5 Ndagijimana et al. (2023) Low Low Low Low Low Low 

6 Hendy et al. (2025) Low Low Low Low Low Low 

7 Mgomezulu et al. (2025) Unclear Low Low High High Low 

8 Wicaksono et al. (2025) Low Low Low Unclear Unclear High 

9 Anhar et al. (2025) High Unclear Unclear High High High 

10 Mulyani et al. (2025) Low Low Low Unclear Unclear High 

11 Sutarmi et al. (2023) Unclear Low Unclear High High High 

12 Sahamony et al. (2024) Low Low Low Unclear Unclear Low 

13 Ayele et al. (2025) Low Low Low Low Low Low 

14 Anku & Duah (2024) Low Low Low Unclear Unclear Low 

15 Islam et al. (2024) Low Low Low Low Low Low 

 

Table 2. Characteristics of Included Studies on Machine Learning-Based Prediction of Childhood Undernutrition 

No. Study Study Design and Dataset Sample Size Outcome Algorithms Evaluated Main Findings 

1 Khan et al. 

(2021) 
Country: 

Bangladesh 

Retrospective secondary data 

analysis using the Bangladesh 
Demographic and Health 

Survey (BDHS) 2014. 

6,044 children Stunting Logistic Regression, Decision 

Tree, Random Forest, 
Support Vector Machine, and 

other algorithms 

Child, maternal, household, and 

socioeconomic characteristics were 
used to predict stunting. 

2 Shen et al. 

(2023) 
Country: 

Papua New 

Guinea. 

Cross-sectional secondary data 

analysis using a national survey 
dataset from Papua New 

Guinea. 

3,380 children Stunting Random Forest, XGBoost, 

Decision Tree, and other 
algorithms 

Child age, sex, anthropometric 

characteristics, maternal factors, 
and household conditions were 

relevant predictors. 

3 Novalina et 

al. (2025) 

Country: 

Indonesia. 

Retrospective secondary data 

analysis using the Indonesian 

Family Life Survey (IFLS). 

1,561 children Stunting Logistic Regression, Random 

Forest, XGBoost, Support 

Vector Machine, and other 

algorithms 

Demographic, socioeconomic, 

maternal, and child-related 

variables contributed to stunting 

prediction. 
4 Mkungudza Cross-sectional secondary data 5149 children Undernutr Random Forest, Decision Household socioeconomic status, 



PLACENTUM Jurnal Ilmiah Kesehatan dan Aplikasinya, Vol. 14(2) 2026, 185-203 

 

191 
Copyright © 2026, Placentum: Jurnal Ilmiah Kesehatan dan Aplikasinya, ISSN 2303-3746, e ISSN 2620-9969 

 

No. Study Study Design and Dataset Sample Size Outcome Algorithms Evaluated Main Findings 

et al. (2024) 

Country: 
Malawi. 

analysis using the Malawi 

Demographic and Health 
Survey (MDHS). 

ition Tree, Logistic Regression, 

and other algorithms 

maternal characteristics, child 

characteristics, and environmental 
factors were considered important 

predictors. 

5 Ndagijimana 

et al. (2023) 
Country: 

Rwanda. 

Cross-sectional secondary data 

analysis using a national survey 
dataset from Rwanda. 

3,814 children Stunting Random Forest, XGBoost, 

Decision Tree, and other 
algorithms 

Child age, sex, maternal education, 

household wealth, residence, and 
access to health services were 

influential predictors. 

6 Hendy et al. 
(2025) 

Country: 

Egypt. 

Retrospective secondary data 
analysis using repeated 

Demographic and Health 

Survey datasets from Egypt in 

2005, 2008, and 2014. 

NR Stunting 
and 

undernutr

ition 

Random Forest, XGBoost, 
Logistic Regression, and 

other algorithms 

Predictor importance varied 
according to survey year, nutritional 

outcome, and available covariates. 

7 Mgomezulu 

et al. (2025) 

Country: 
Malawi. 

Secondary analysis of 

household survey data from the 

Malawi Living Standards 
Measurement Study (LSMS). 

15,638 

observations; 

5,941 for 
stunting and 

6,155 for 

wasting in the 

training data 

Stunting 

and 

wasting 

Random Forest, XGBoost, 

Decision Tree, and other 

algorithms 

Ensemble models demonstrated 

competitive performance. Child and 

household characteristics were 
important predictors. 

8 Wicaksono 

et al. (2025) 

Country: 
Indonesia. 

Retrospective observational 

study using routine health 

records from Jeneponto, 
Indonesia. 

40,071 children Stunting Random Forest, XGBoost, 

Decision Tree, and other 

algorithms 

Routine anthropometric and 

demographic data were used to 

identify children at risk of stunting. 

9 Anhar et al. 

(2025) 

Country: 
Indonesia. 

Secondary data analysis using a 

publicly available Kaggle 

dataset. 

10,000 records Stunting Random Forest, XGBoost, 

Logistic Regression, and 

other algorithms 

Child age, sex, anthropometric 

variables, and household 

characteristics were used as 
predictors. 

10 Mulyani et 

al. (2025) 

Country: 
Indonesia. 

Retrospective secondary data 

analysis using local health data 

and a Kaggle dataset. 

121,043 records Stunting Random Forest, XGBoost, 

Decision Tree, and other 

algorithms 

Large-scale data and ensemble 

algorithms supported high 

predictive performance, although 
results depended on the dataset and 

validation procedure. 
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No. Study Study Design and Dataset Sample Size Outcome Algorithms Evaluated Main Findings 

11 Sutarmi et 

al. (2023) 
Country: 

Indonesia. 

Observational analytical study 

using a primary dataset 
collected from infants in 

Indonesia. 

192 infants Stunting Random Forest, Support 

Vector Machine, Naive 
Bayes, and other algorithms 

Machine learning was applied to 

classify infant stunting status. The 
reported class totals require 

verification against the original 

dataset. 

12 Sahamony 
et al. (2024) 

Country: 

Indonesia. 

Retrospective observational 
study using child health records 

from Lubuk Linggau, Indonesia, 

collected in 2023. 

400 children Stunting Naive Bayes and Random 
Forest 

Naive Bayes and Random Forest 
showed strong classification 

performance using routinely 

collected child health data. 

13 Ayele et al. 

(2025) 

Country: 

Ethiopia. 

Cross-sectional secondary data 

analysis using the Ethiopian 

Demographic and Health 

Survey (EDHS). 

18,451 

observations 

before 

resampling; 
33,495 after 

SMOTE 

Stunting 

and other 

forms of 

undernutr
ition 

Random Forest, XGBoost, 

Logistic Regression, Decision 

Tree, and other algorithms 

Feature selection and SMOTE were 

used to address class imbalance. 

Ensemble methods demonstrated 

competitive predictive performance. 

14 Anku and 
Duah (2024) 

Country: 

Ghana. 

Cross-sectional secondary data 
analysis using the Ghana 

Demographic and Health 

Survey (GDHS). 

8,564 children Stunting 
and other 

forms of 

undernutr

ition 

XGBoost, Random Forest, 
Logistic Regression, Decision 

Tree, and other algorithms 

XGBoost demonstrated strong 
predictive performance. Child, 

maternal, household, and 

socioeconomic characteristics were 

important predictors. 

15 Islam et al. 

(2024) 

Country: 
Bangladesh. 

Cross-sectional secondary data 

analysis using the Bangladesh 

Demographic and Health 
Survey (BDHS) 2017–2018. 

7,796 for 

stunting; 7,777 

for wasting; and 
7,838 for 

underweight 

Stunting, 

wasting, 

and 
underwei

ght 

Random Forest, XGBoost, 

Logistic Regression, Decision 

Tree, and other algorithms 

Predictor importance and model 

performance differed across 

stunting, wasting, and underweight 
outcomes. 

NR = Not Reported 
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DISCUSSION 

The present systematic review 

synthesized evidence from fifteen studies 

investigating machine learning (ML) 

approaches for the early prediction of 

stunting among children under five years 

of age. Overall, the findings indicate that 

ML has considerable potential to improve 

the early identification of children at risk 

of stunting by integrating 

multidimensional predictors 

encompassing biological, maternal, 

socioeconomic, environmental, and 

healthcare-related factors. Childhood 

growth faltering is influenced by multiple 

interacting determinants operating from 

pregnancy through early childhood, 

supporting the need for prediction 

approaches that consider information 

beyond anthropometric measurements 

alone.[1,3,4,8] Recent advances in artificial 

intelligence and precision nutrition further 

indicate that data-driven approaches may 

strengthen maternal and child health 

interventions, particularly in low-resource 

settings.[2] However, these findings should 

be interpreted in the context of substantial 

methodological heterogeneity across the 

included studies. Differences in study 

populations, sample sizes, predictor 

selection, feature engineering, class 

imbalance handling, and validation 

strategies may have contributed to the 

variation in reported predictive 

performance and limit direct comparisons 

between algorithms. 

One of the most consistent findings 

across the included studies is that 

childhood stunting cannot be adequately 

explained by a single determinant. 

Instead, prediction models incorporated 

variables from multiple domains, 

including maternal characteristics, child 

characteristics, household socioeconomic 

conditions, birth history, environmental 

factors, and geographical context. 

Maternal education, household wealth, 

birth weight or birth size, child age, 

maternal nutritional status, sanitation, 

birth interval, and geographical residence 

were repeatedly identified as important 

predictors across different studies. These 

findings are consistent with evidence 

demonstrating that early-life growth is 

shaped by complex biological, nutritional, 

environmental, and socioeconomic 

processes.[1,3,8] 

The importance of multidimensional 

predictors is also supported by studies 

applying ML specifically to stunting 

prediction. Khan et al. demonstrated that 

ML-based variable selection could 

identify important predictors of childhood 

stunting in Bangladesh, highlighting the 

potential of ML to accommodate complex 

predictor structures in population-based 

data.[5] Similarly, studies conducted in 

Papua New Guinea, Rwanda, Malawi, 

Indonesia, and Egypt identified 

combinations of maternal, child, 

socioeconomic, and environmental 

variables as relevant predictors of 

stunting.[11,22,25,27] 

This multidimensional pattern is 

particularly relevant because early 

childhood growth is affected by both 

prenatal and postnatal exposures. Birth-

related characteristics may reflect 

intrauterine growth and maternal 

conditions, whereas household 

socioeconomic circumstances, sanitation, 

nutrition, and access to healthcare may 

influence subsequent growth 

trajectories.[1,8] In addition, evidence 

concerning food insecurity and food price 

inflation indicates that broader 

socioeconomic conditions can influence 

child undernutrition through household 

food access and dietary quality.[13] 

Nevertheless, the apparent 

importance of individual predictors should 

be interpreted cautiously because 

predictor availability and selection 

differed considerably between studies. 

Some models were developed using 

nationally representative demographic or 

health surveys, whereas others used 

community-based or regional datasets. 

Consequently, a predictor identified as 

highly influential in one population may 
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not have the same predictive contribution 

in another population with different 

socioeconomic, environmental, or 

healthcare characteristics. 

Differences in predictor selection 

may also influence model performance 

independently of the algorithm used. 

Studies incorporating a broader range of 

maternal, child, socioeconomic, and 

environmental variables may provide the 

algorithm with more information to 

discriminate between children at higher 

and lower risk. Conversely, models 

developed using a more limited predictor 

set may demonstrate lower apparent 

predictive performance but potentially 

greater feasibility for implementation in 

routine community settings. Therefore, 

higher predictive performance should not 

automatically be interpreted as evidence 

of a superior algorithm when the 

underlying predictor sets differ 

substantially.[24,25] 

Maternal education and household 

socioeconomic status were among the 

frequently reported predictors. These 

factors may operate through multiple 

pathways involving food security, 

healthcare utilization, hygiene, caregiving 

practices, and health literacy. Birth-related 

characteristics, particularly birth weight 

and birth size, also contributed 

substantially to prediction in several 

studies, reflecting the importance of 

prenatal and early-life conditions in 

subsequent growth trajectories.[1,8] 

Environmental variables, particularly 

sanitation and geographical residence, 

further emphasize the contribution of 

living conditions and contextual factors to 

stunting risk.[11,22] 

Collectively, these findings 

reinforce that prediction of childhood 

stunting should consider multidimensional 

information rather than relying 

exclusively on anthropometric indicators. 

However, future prediction studies should 

provide greater consistency in defining 

predictor domains and clearly justify 

predictor selection to facilitate meaningful 

comparison across populations and 

models. 

Another important finding was the 

frequently superior reported performance 

of ensemble learning algorithms, 

particularly Gradient Boosting, Random 

Forest, and XGBoost, compared with 

conventional statistical approaches. 

Gradient Boosting demonstrated strong 

performance in the Bangladesh study, 

while XGBoost showed favorable 

performance in studies from Papua New 

Guinea and Indonesia.[5,11,22] Random 

Forest also performed consistently well 

across several datasets. These findings are 

broadly consistent with the capacity of 

ensemble and other advanced ML 

approaches to model nonlinear 

relationships and complex interactions 

within high-dimensional biomedical 

data.[20] 

However, the apparent advantage of 

ensemble algorithms should be interpreted 

in light of methodological heterogeneity 

among the included studies. Predictive 

performance is determined not only by 

algorithm selection but also by the 

characteristics of the population, sample 

size, predictor set, preprocessing 

procedures, feature selection, class 

distribution, and validation strategy. Thus, 

differences in reported performance 

cannot be attributed solely to differences 

between algorithms. 

Study population is an important 

source of this heterogeneity. The included 

studies were conducted in Bangladesh, 

Papua New Guinea, Indonesia, Malawi, 

Rwanda, and Egypt and used different 

types of data sources, including national 

demographic surveys, national health 

surveys, community-based datasets, and 

regional datasets.[5,11,22,24,25,27] These 

populations differ in socioeconomic 

conditions, healthcare access, 

environmental exposures, and 

distributions of maternal and child 

characteristics. An algorithm may 

therefore achieve high discrimination in 

one population because the predictors 
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have strong discriminatory patterns in that 

setting, but its performance may decline 

when applied to another population with 

different predictor distributions. 

This issue is particularly important 

for low- and middle-income countries, 

where AI applications may be affected by 

differences in data availability, digital 

infrastructure, health information systems, 

and population characteristics.[18,19] 

Therefore, the predictive performance 

reported by individual studies should not 

automatically be assumed to represent the 

expected performance of the same 

algorithm in other populations. 

Sample size may also have 

influenced the reported performance. The 

included studies ranged from relatively 

small community-based datasets to large 

population-based datasets, including a 

study from Indonesia involving 40,071 

children.[22] Larger datasets may provide 

greater statistical information for model 

development and allow more complex 

algorithms to learn patterns from 

heterogeneous observations. Conversely, 

models developed from smaller datasets 

may be more susceptible to overfitting, 

particularly when the number of 

predictors is large relative to the sample 

size. Evidence from ML applications to 

longitudinal biomedical data similarly 

indicates that model robustness is closely 

related to the characteristics and structure 

of the available data.[16,20] 

Therefore, reported performance 

should be considered together with sample 

size and model complexity rather than 

interpreted as an independent 

characteristic of the algorithm. 

Feature selection and feature 

engineering represent important sources of 

variation among the included studies. 

Several studies applied approaches such 

as LASSO, recursive feature elimination, 

stepwise selection, SMOTE, or 

undersampling.[5,11,22,25] For example, the 

Papua New Guinea study combined 

LASSO with XGBoost, whereas the 

Indonesian study by Novalina et al. 

evaluated different approaches to class 

imbalance, including SMOTE and 

undersampling.[11,22] The Malawi study 

also specifically investigated alternative 

variable-selection approaches for stunting 

prediction.[25] 

These procedures can substantially 

modify the information available to the 

learning algorithm. Feature selection can 

reduce dimensionality and remove 

potentially redundant variables, whereas 

feature engineering can transform or 

combine predictors to improve their 

representation. Consequently, differences 

in predictive performance may partly 

reflect preprocessing and feature 

engineering rather than algorithmic 

superiority alone. 

This consideration is important 

when comparing models across studies. 

Two algorithms evaluated in different 

studies may effectively be solving 

different prediction problems because they 

are trained using different predictor sets 

and preprocessing pipelines. For example, 

an XGBoost model trained after 

systematic variable selection and 

transformation cannot be directly 

compared with a Random Forest model 

trained using a larger unselected predictor 

set. Such comparisons may overestimate 

the contribution of the algorithm itself. 

Class imbalance represents another 

important source of heterogeneity. The 

distribution of children with and without 

stunting can affect classification 

performance, particularly when the 

outcome of interest represents a minority 

class. Some included studies addressed 

this problem using SMOTE or 

undersampling.[22] These approaches 

modify the effective distribution of 

observations available during model 

training and may improve the 

identification of minority-class 

observations. 

However, performance obtained 

after resampling should not be interpreted 

as directly equivalent to performance 

obtained from models trained on the 
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original class distribution. Resampling can 

influence sensitivity, specificity, 

precision, and other classification metrics. 

Therefore, studies should clearly report 

the prevalence of stunting, the method 

used to address class imbalance, and 

whether resampling was performed only 

within the training dataset. 

This issue also has implications for 

reproducibility. Without clear reporting of 

preprocessing, feature engineering, and 

imbalance-handling procedures, it is 

difficult to determine whether differences 

in model performance are attributable to 

algorithm selection or to differences in the 

analytical pipeline. Future studies should 

therefore provide transparent descriptions 

of all preprocessing procedures and ensure 

that these procedures are appropriately 

separated between model development 

and validation datasets. 

Validation methodology represents 

another factor that may substantially 

influence reported predictive performance. 

Differences in data partitioning, cross-

validation procedures, and external 

validation can affect the degree to which 

reported performance reflects true model 

generalizability. Methodological reviews 

of ML applications in healthcare 

emphasize the importance of robust 

evaluation and transparent reporting when 

translating predictive models into clinical 

or public health settings.[17,18,20] 

Performance estimated from a single 

training-test split may be more sensitive to 

the characteristics of a particular sample 

than performance obtained through 

repeated cross-validation or independent 

external validation. Consequently, models 

evaluated using different validation 

strategies should not be interpreted as 

directly comparable, even when they 

report the same performance metric. 

The distinction between internal 

predictive performance and 

transportability is particularly important 

for stunting prediction. A model may 

demonstrate excellent discrimination 

within its development dataset while 

performing less well in a new 

geographical, socioeconomic, or 

healthcare setting. This concern is relevant 

because several included studies relied on 

country-specific or regional 

datasets.[11,22,24,25,27] Differences in 

population structure, outcome prevalence, 

data quality, and predictor distributions 

may reduce model performance when the 

model is applied to a new population. 

The use of pediatric data in AI and 

ML also requires particular attention to 

data quality, representativeness, 

transparency, and responsible model 

development.[13] Accordingly, external 

validation using an independent 

population should be considered an 

essential step before implementation in 

routine child health services. Future 

studies should report not only 

discrimination but also calibration and 

clinical or public health utility to provide 

a more comprehensive assessment of 

model performance. 

Taken together, these findings 

indicate that there is no single algorithm 

that can be considered universally optimal 

for predicting childhood stunting. Rather, 

model performance reflects the interaction 

between algorithm choice and the 

characteristics of the dataset, predictor 

architecture, preprocessing procedures, 

class distribution, and validation strategy. 

Consequently, comparisons between 

algorithms should ideally be conducted 

using the same population, predictor set, 

preprocessing pipeline, and validation 

framework. This approach would provide 

a more meaningful assessment of whether 

observed differences in performance are 

attributable to the algorithm itself. 

An emerging theme identified in this 

review is the incorporation of Explainable 

Artificial Intelligence (XAI), particularly 

SHAP, into stunting prediction models. 

Conventional high-performing ML 

models may be perceived as black boxes 

because healthcare professionals cannot 

readily determine how individual 

predictors contribute to predictions. Lack 
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of interpretability may limit trust, clinical 

adoption, and accountability.[17,18] 

Several included studies used 

explainability approaches to identify the 

relative contribution of predictors to 

model predictions. In the Indonesian study 

by Wicaksono et al., explainable ML was 

used to examine important predictors of 

stunting, including maternal and 

socioeconomic characteristics.[31] Such 

approaches provide information not only 

on which children may be at increased 

risk but also on which characteristics 

contribute most strongly to the predicted 

risk. 

However, explainability should not 

be interpreted as evidence of causal 

relationships. A predictor with a high 

contribution to a model's prediction 

indicates that the variable is informative 

for prediction within the analyzed dataset; 

it does not necessarily mean that 

modifying that predictor will directly 

reduce stunting risk. This distinction is 

particularly important for public health 

decision-making, where predictive 

associations should not automatically be 

translated into causal intervention 

priorities. 

XAI may nevertheless provide 

several practical advantages. Transparent 

explanations may increase confidence 

among healthcare professionals, facilitate 

interpretation of complex models, and 

support communication between technical 

developers and health practitioners.[17] In 

low- and middle-income countries, 

explainable and transparent AI may also 

support responsible integration of digital 

technologies into health systems.[19] 

However, explainability should 

complement rather than replace rigorous 

model evaluation. A highly interpretable 

model that has poor calibration or limited 

external validity would still have limited 

practical value. Therefore, future studies 

should evaluate interpretability alongside 

discrimination, calibration, external 

validation, fairness, and implementation 

feasibility.[17,18,23] 

The findings of this review have 

important implications for maternal and 

child health programs, particularly in low- 

and middle-income countries where 

childhood stunting remains a major public 

health concern. The Sustainable 

Development Goals emphasize the 

importance of reducing malnutrition and 

improving child health outcomes, creating 

a need for approaches that support earlier 

identification and targeted prevention.[30] 

ML-based prediction provides an 

opportunity to complement conventional 

anthropometric monitoring by identifying 

children who may be at elevated risk 

before substantial growth impairment 

occurs. Recent advances in AI and 

precision nutrition indicate that integration 

of diverse maternal, child, nutritional, and 

contextual information could strengthen 

personalized and population-level 

approaches to maternal and child health.[2] 

Predictive models could potentially 

be integrated into existing child health 

information systems, community nutrition 

surveillance platforms, and digital growth-

monitoring applications. During antenatal 

care, postnatal care, immunization 

services, or community-based nutrition 

monitoring, routinely collected maternal 

and child information could potentially be 

used to generate individualized risk 

estimates. Such predictions could support 

earlier nutritional counselling, 

breastfeeding support, complementary 

feeding education, micronutrient 

interventions, sanitation improvement, 

and other preventive strategies. 

Digital health information systems 

may provide an important infrastructure 

for such integration. Evidence from 

Malawi illustrates the potential role of 

digital health information systems in 

supporting the management of child 

stunting, although successful 

implementation requires attention to local 

organizational and health-system 

contexts.[10] Similarly, broader evidence 

indicates that AI can strengthen healthcare 

systems in low- and middle-income 
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countries when appropriate infrastructure, 

governance, workforce capacity, and 

contextual adaptation are available.[19] 

However, implementation should 

consider the methodological heterogeneity 

identified in this review. A model 

developed from a national survey may not 

automatically be applicable to a specific 

community or primary healthcare setting. 

Differences in population characteristics, 

available predictors, data quality, 

healthcare infrastructure, and prevalence 

of stunting may affect model performance 

after implementation. Therefore, 

adaptation and external validation should 

precede routine deployment. 

The balance between predictive 

accuracy and feasibility is also important. 

Highly complex ensemble models may 

provide strong predictive performance but 

require greater computational resources 

and may be more difficult to 

operationalize in resource-constrained 

settings. In contrast, simpler models such 

as Decision Trees may provide lower 

predictive performance but greater 

interpretability and practical feasibility in 

community screening contexts. This trade-

off should be considered when selecting 

models for implementation rather than 

prioritizing predictive accuracy alone. 

For Indonesia, this issue is 

particularly relevant because national and 

routine health datasets provide 

opportunities for developing context-

specific prediction models. Recent 

Indonesian studies have demonstrated the 

feasibility of applying ML, including 

XGBoost, Random Forest, and other 

algorithms, to stunting risk 

prediction.[22,31-34,36] However, these 

models should undergo rigorous internal 

and external validation before being 

translated into routine child nutrition 

surveillance or policy applications. 

A key consideration in interpreting 

the findings of this systematic review is 

the substantial methodological 

heterogeneity among the included studies. 

Although all studies applied ML to 

childhood stunting prediction, they 

differed in population characteristics, 

sample size, predictor availability, feature 

selection and engineering, handling of 

class imbalance, algorithms evaluated, and 

validation procedures.[5,11,22,24,25,27] 

Differences in study populations 

may affect both predictor distributions and 

outcome prevalence. Nationally 

representative survey populations may 

capture greater socioeconomic and 

geographical diversity than community-

based datasets, whereas regional studies 

may reflect more homogeneous 

populations. Consequently, an algorithm's 

performance may partly depend on the 

population structure in which it was 

developed rather than solely on its 

inherent predictive capability. 

Differences in sample size may 

influence model stability and the risk of 

overfitting. Large datasets can support 

more complex models and provide greater 

representation of heterogeneous 

population characteristics, whereas 

smaller datasets may produce less stable 

estimates, particularly when numerous 

predictors are considered. The included 

evidence illustrates this variation, ranging 

from relatively small datasets to large 

population-based samples.[11,22,24,27] 

Differences in predictor selection 

and feature engineering may further affect 

model performance. The included studies 

used different combinations of maternal, 

child, socioeconomic, environmental, and 

birth-related variables and applied 

different feature-selection approaches, 

including LASSO, recursive feature 

elimination, and other variable-selection 

procedures.[5,11,25] Therefore, two 

algorithms evaluated in different studies 

may effectively be solving different 

prediction problems because the available 

information differs between datasets. 

Class imbalance handling is another 

potential source of performance variation. 

Studies using SMOTE or undersampling 

modify the distribution of training 

observations and may improve recognition 
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of minority outcomes.[22] However, this 

may also affect the resulting performance 

estimates and limits direct comparison 

with models trained using the original 

class distribution. 

Finally, validation methodology is 

critical for assessing generalizability. 

Differences in data partitioning, cross-

validation, and external validation can 

produce different estimates of predictive 

performance.[17,20] Without standardized 

validation procedures, a model with a high 

reported accuracy or discrimination in one 

study cannot necessarily be considered 

superior to a model with lower reported 

performance in another study. 

Accordingly, the predictive 

performance reported across the included 

studies should be interpreted as context-

dependent evidence rather than a universal 

ranking of algorithms. This is an 

important distinction because the apparent 

superiority of an algorithm may partly 

reflect differences in population, 

predictors, preprocessing, class 

distribution, and validation rather than the 

intrinsic superiority of the algorithm itself. 

This methodological heterogeneity 

represents an important limitation of the 

current evidence base. Future studies 

should adopt standardized reporting 

frameworks, clearly describe predictor 

selection and preprocessing procedures, 

report class distribution and imbalance-

handling methods, and prioritize robust 

internal validation followed by 

independent external validation. Where 

feasible, comparative studies should 

evaluate multiple algorithms using the 

same dataset, identical predictor sets, 

consistent preprocessing pipelines, and 

comparable validation frameworks. Such 

designs would enable more reliable 

assessment of the incremental value of 

different ML algorithms and facilitate 

translation into real-world child health 

programs.[17,18,23] 

The strength of this review lies in its 

focus on recent evidence concerning ML-

based prediction of childhood stunting and 

its synthesis across predictor domains, 

algorithms, explainability, and potential 

programmatic applications. The use of 

PRISMA 2020 and PROBAST provided a 

structured approach to study identification 

and assessment of methodological quality. 

The inclusion of studies from multiple 

geographical settings also provides a 

broader perspective on the applicability of 

ML approaches across different child 

health contexts. 

Nevertheless, several limitations 

should be considered. First, substantial 

methodological heterogeneity across 

studies prevented quantitative meta-

analysis and limited direct comparison of 

model performance. Second, differences 

in population characteristics, sample size, 

predictor sets, preprocessing, class 

imbalance handling, and validation 

procedures may have contributed to 

variation in reported performance. Third, 

several studies were based on country-

specific or regional datasets, which may 

limit transportability to other populations. 

Fourth, the availability and reporting of 

external validation were limited, making it 

difficult to determine how well the models 

would perform in independent 

populations. Finally, differences in 

reporting of predictive performance 

metrics further constrain direct 

comparison across studies. 

Therefore, the findings should be 

interpreted as evidence supporting the 

potential of ML for stunting risk 

prediction, rather than as definitive 

evidence that one algorithm is universally 

superior. Future research should 

emphasize transparent reporting, 

standardized validation, external 

validation, calibration assessment, and 

evaluation of clinical and public health 

utility alongside discrimination.[17,18,20,23] 

 

CONCLUSION 

This systematic review indicates 

that machine learning has the potential to 

support the early prediction of childhood 

stunting by incorporating 
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multidimensional predictors related to 

biological, maternal, environmental, and 

socioeconomic conditions. Across the 

included studies, maternal education, 

household socioeconomic status, birth 

weight, child age, maternal nutritional 

status, sanitation, birth interval, and 

geographical factors were frequently 

identified as important predictors. These 

findings suggest that childhood stunting 

prediction may benefit from models that 

consider multiple determinants rather than 

relying exclusively on anthropometric 

characteristics. 

Ensemble learning algorithms, 

including Gradient Boosting, Random 

Forest, and Extreme Gradient Boosting 

(XGBoost), were frequently reported to 

demonstrate promising predictive 

performance. However, differences in 

datasets, predictor selection, outcome 

definitions, validation procedures, and 

performance metrics limit direct 

comparisons between models. Explainable 

Artificial Intelligence (XAI), particularly 

SHAP-based methods, may improve 

model interpretability, although its 

contribution to clinical decision-making 

and public health practice requires further 

evaluation. 

Overall, machine learning may 

complement existing child growth 

monitoring and nutrition surveillance 

systems by supporting the identification of 

children who may be at risk of stunting. 

Nevertheless, the available evidence 

remains heterogeneous, and the 

effectiveness, generalizability, fairness, 

and practical utility of these models 

cannot yet be assumed across different 

populations and healthcare settings. 

Future research should prioritize external 

and prospective validation, standardized 

definitions of predictors and outcomes, 

transparent reporting, assessment of 

model calibration and clinical utility, and 

evaluation in diverse low- and middle-

income country settings. Further studies 

should also examine the responsible 

integration of machine learning into 

routine maternal and child health 

programs while addressing data quality, 

privacy, ethical considerations, and the 

potential risk of algorithmic bias. 
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