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Abstract. Stunting is still one of the main health issues in Indonesia, including in South Suma-
tra Province. This study utilises logistic regression and gradient boosting machines using the
Indonesian Health Survey (SKI) 2023 under-five children microdata (n = 2,940). The stunting
prevalence in South Sumatra had decreased from 20.3% in 2023 to 15.9% in 2024. However,
more effort is still required to achieve the national target. Our results show that birth weight,
birth length, living conditions, sanitation, and the child’s sex are factors that significantly affect
stunting, confirmed also by SHapley Additive exPlanations (SHAP) analysis. Both models show
modest discrimination capability (AUROC = 0.59). Our findings are informative to enhance the
strategies of stunting prediction.
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1 Introduction

Stunting occurs when a child’s growth and development do not follow standard references for
their age [1]. The global prevalence was about 23% among children under five, and the rates were
much higher in Asia and Africa, where people are more likely to be vulnerable. Stunting is a sign
of long-term undernutrition, and it also keeps going in families, causing poor health, cognitive im-
pairment, lower educational achievement, and lower economic productivity. The United Nations
Sustainable Development Goals (SDGs) set very high goals to achieve zero hunger, make sure ev-
eryone has enough food, and get rid of all forms of malnutrition (including stunting) by 2030.

Stunting is still one of the main public health issues in Indonesia. Despite the national stunting
prevalence for under-five children decreasing from 21.5% in 2023 to 19.8% in 2024, it is still far from
the 2029 target (14%). According to the Indonesian Health Survey (SKI) 2023 [2], the prevalence of
stunting in the South Sumatra Province was recorded at 20.3% in the year 2023. Importantly, South
Sumatra has made notable advancements, decreasing its stunting prevalence to 15.9% in 2024 and
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being recognized as the second most effective province in Indonesia concerning initiatives aimed
at alleviating stunting. However, notwithstanding these gains, South Sumatra must maintain and
intensify its actions. The gap to the national target remains (14% in 2029), and sustained reductions
are vital to maintaining the health, cognition, and long-term productivity of its children.

Numerous studies demonstrated that maternal health status, educational attainment, nutritional
standards, unfavorable socioeconomic conditions, availability of healthcare services, and inadequate
access to potable water and sanitation constitute pivotal determinants influencing stunting [3, 4, 5].
However, individual-level prediction accuracy and more effective interventions are still challenging.
In practice, a number of standard machine learning approaches, such as gradient boosting machines
(GBM) and logistic regression (LR), also gain more attention. LR has an advantage in interpretabil-
ity, and it is capable of determining relevant factors impacting stunting. Meanwhile, the gradient
boosting machine can capture nonlinear patterns in the data.

The primary aims of this investigation are to formulate and assess predictive models for stunting
in children under the age of five within the South Sumatra Province, utilizing LR alongside the GBM
algorithm. In particular, we seek to (1) ascertain the principal determinants that correlate with the
risk of stunting, (2) evaluate and compare the predictive accuracy, calibration, and discriminatory
efficacy of both logistic regression and the gradient boosting machine, and (3) furnish empirical
evidence for the implementation of targeted, region-specific interventions aimed at expediting the
reduction of stunting in accordance with national priorities.

2 Methods

2.1 Data preprocessing and covariates

In this paper, we employed microdata from the SKI 2023 [2] at the individual level for children
under-five years of age in South Sumatra Province, Indonesia. The initial sample consists of n =
2,979 children, where the main outcome variable was stunting (stunted). To compute each child’s
stunting status, we applied the WHO guidelines [6]. If a child’s height for age z-score (HAZ) is
below —2 standard deviations, he/she was categorized as stunted. The HAZ formula [7] used is

WM f g =0,
HAZ = (E)L71 (l)
Ml ifL#0,

where H is observed height/length of the child, M is median height from the reference population, L
is Box-Cox power to account for skewness, and S is coefficient of variation to account for dispersion.

We grouped the potential covariates by measurement scale (continuous or categorical). We
dropped rows with a missing stunted as the target, and converted the target variable to an integer
for modeling. To handle missing values in the covariates, we conducted three strategies: (1) low
missing (< 5%), (2) medium missing (5% to 30%), and (3) high missing (> 30%). For low missing,
we replaced the missing values of continuous variables using the median method, and the mode
approach for categorical variables. For medium missing, the missing values of continuous variables
were filled by modeling each variable as a function of other variables. Meanwhile, for the categorical



variables, we filled the missing values using mode approach. For the high missing, we dropped the
variables except some forced categorical variables, such as mr_edu, mr_job, drwater_source, and
toilet. The latter were still imputed using mode approach. After handling the missing values, the

number of data slightly decreased to n = 2,940 under-five children.
the stunting of this work are given in Table 1.

The potential determinants of

To cope with the complex survey design, we applied w_final for weighting the label. Next,
we randomly split the data into training (80%) and testing (20%). To prevent children within the
same primary sampling unit from appearing in both the training and testing data (data leakage), the

splitting within cluster was defined by variable psu.

Table 1: Respondents’ characteristics

Covariate Description Measurement Scale
age_month [8, 9] Child’s age in months Continuous
birth_-weight [10, 11] Weight at birth (grams) Continuous
birth_length [12, 11] Length at birth (cm) Continuous
house_area [13] Dwelling size (square meters) Continuous
sex [10, 13] Child’s sex Nominal
mr_edu [10] Mother’s education level Ordinal
mr_job Mother’s employment status Nominal
urban [13] Place of residence Nominal
drwater_improved [13] Improved drinking water Nominal
toilet_improved [13] Improved sanitation facility Nominal

2.1.1 Logistic regression

Logistic regression (LR) or Logit model is a standard machine learning approach for predicting
the probability of outcomes based on one or more covariates. We apply LR to stunting prediction,
and we group the label into two classes, i.e. stunted (category 1) and not stunted (category 2).

We use LR to predict the probability of stunting (p) based on a set of covariates (x1,x2,- - ,X;).

The formula of LR is written as follows

ln{lfp] = Bo+Bix1 + -+ BuXm,

2

where p is probability of category 1, By is intercept and B; is regression coefficients for the i

covariate.
By transformation of (2), the probability of stunting is

1
- 1 +C_(BO+BIXI+"'+ﬁI71Xm) ’

p
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We are also interested in the odds ratio (OR), defined as

OR =P, 4)
where j = 1,2,--- ,m showing how much the odds of stunting change with a one-unit increase in
covariate x;. The loss function of LR is

1 N
~ L biln(pi) + (1= y0) In(1 = p)], 5)

N =
where N is the number of data, y; is true value of label for the i’ individual, and p; stunting proba-
bility for the i/ individual.

2.1.2 Gradient boosting machines

Gradient Boosting Machines (GBM) is one of ensembles approaches combining a number of
decision trees. The m'" iteration of GBM is defined as follows

Fm(x) :mel(x)‘k’}/mhm(x)a (6)
where F, (x) is model in the m'" iteration, 7, = learning rate in the m"" iteration, and h,,(x) is the new
estimator to fix the residual error in the (m — 1) iteration.

The objective of GBM is to predict the values of y; = F,,(x;) by correcting the error of F,,_; (x;).

Thus, we fit the estimator A, (x;) to the residual y; — F}, (x;). In general, GBM minimises

Mz

L=) 1(yi,F(Xi)), 7

1

where [(y;, F(X;)) is the loss function between the true value y; and the predicted value F (x;) for the
" individual, and N is the number of individuals.

3 Results

3.1 Sample characteristics and prevalence

The cohort analyzed in the present study consists of 2,940 children under the age of five residing
in South Sumatra. As illustrated in Table 2, the weighted prevalence of stunting is determined to be
19.3%, which is in close alignment with the national stunting prevalence reported in 2023 (21.5%).

The descriptive statistics, as evidenced in Table 2, reveal that children characterized by stunting
were, on average, older (33.49 months in comparison to 31.94 months). The children with lower
birth weight and lower birth length were prone to being stunted. Larger house areas were also the
living environment of most of the non-stunted children. In categorical variables, the table shows
the proportion (in %) of each category. The male children had a higher risk of stunting (55%) than
the female (45%). Stunting prevalence was also greater in rural areas (62%) than in urban areas



(38%). Furthermore, children whose mothers had little education were more vulnerable to stunting.
The table also suggests a higher prevalence for children who were living with unimproved toilet
facilities (89%) compared to those with such facilities (11%). In general, these patterns align with
socio-environmental gradients identified in national surveys.

Table 2: Summary statistics by stunting status.

Variable Categories Overall Non-stunted Stunted
age_month (months) - 32.24 31.94 33.49
birth-weight (grams) - 3084.71 3110.53 2976.99
birth_length (cm) - 48.44 48.63 47.66
house_area (m?) - 72.57 74.62 64.04
sex (0) Male 0.51 0.50 0.55
sex (1) Female 0.49 0.50 0.45
mother_edu (0) No Education  0.02 0.01 0.03
mother_edu (1) Primary 0.20 0.19 0.22
mother_edu (2) Secondary+ 0.78 0.79 0.75
urban (0) Urban 0.40 0.40 0.38
urban (1) Rural 0.60 0.60 0.62
mother_job (0) No 0.73 0.73 0.74
mother_job (1) Yes 0.27 0.27 0.26
drwater_improved (0)  Yes 0.05 0.05 0.05
drwater_improved (1) No 0.95 0.95 0.95
toilet_improved (0) Yes 0.07 0.07 0.11
toilet_improved (1) No 0.93 0.93 0.89
stunted (0) No 0.81 1.00 0.00
stunted (1) Yes 0.19 0.00 1.00

Note: Continuous variables are presented as means. Categorical variables are presented as proportions.

3.2 Selected determinants

In this study, we explored two strategies to determine the main risk factors for stunting in chil-
dren: multivariable logistic regression (using backward stepwise selection) and SHAP value analy-
sis. For regression, all candidate covariates were initially included in a full model. Covariates with
a p-value above 0.05 were considered for removal, applying the process step by step and monitoring
the Akaike Information Criterion (AIC) to assess model fit. When removing a variable failed to
improve the AIC, the selection process was stopped, and the final set of covariates was established.

Variable selection resulted in no meaningful AIC change. The full model (AIC=538258.45)
and its first reduced version (AIC = 538260.86) were nearly identical. Hence, all covariates were
retained. Based on these results, presented in Table 3, birth weight, birth length, house area, sex, and
toilet facility status emerged as significant covariates for childhood stunting. While other covari-



ates, such as urban residence, mother’s occupation, drinking water, and maternal education showed
weaker statistical evidence, they were kept in the model to ensure comprehensive adjustment for
potential confounders. Overall, the most obvious correlations with lower stunting risk are found in
household living conditions, sanitation, and growth at birth (weight/length); the other sociodemo-
graphic factors in this model do not exhibit any independent effects.

The logistic regression suggests a few risk elevations and a number of protective factors against
stunting. Lower odds of stunting are indicated by statistically significant predictors (5% level) with
odds ratios (OR) less than one: more birth weight is protective (OR = 0.999 per gramme, p < 0.001),
which is more interpretable as approximately 7% to 8% lower odds per 100 g increase; greater
birth length is strongly protective (OR = 0.935 per cm, p < 0.001; about 6% to 7% lower odds per
additional cm); larger house area is protective (OR = 0.994 per unit, p = 0.0028; about 5% lower
odds per greater than 10 units); and having an improved toilet is linked to approximately 41% lower
odds (OR = 0.588, p =0.016).

Table 3: Logistic regression results for determinants of stunting.

Covariate OR 95% CI (Low) 95% CI (High) p-value Sig. (5%)
age_month 1.0048 0.9971 1.0125 0.2268 No
sex 0.6930 0.5260 0.9131 0.0092 Yes
birth_weight 0.9992 0.9989 0.9996 1.78 x 107 Yes
birth_length 0.9348 0.9048 0.9658 5.07 x 107 Yes
mother_edu 0.7662 0.5835 1.0061 0.0553 No
mother_job 0.9837 0.7337 1.3188 0.9125 No
house_area 0.9944 0.9907 0.9981 0.0028 Yes
urban 0.9665 0.7135 1.3091 0.8256 No
drwater_improved  0.9005 0.5172 1.5680 0.7112 No
toilet_improved 0.5884 0.3821 0.9058 0.0160 Yes

3.3 SHAP analysis

We also employed SHapley Additive exPlanations (SHAP) value analysis on GBM using the
tuned hyperparameters from 5-fold cross validation, i.e. ‘learning_rate’: 0.02, ‘max_depth’: 2,
‘max_features’: ‘log2’, ‘min_samples_leaf’: 2, ‘min_samples_split’: 6, ‘n_est’: 324, ‘subsample’:
0.89. This SHAP procedure aims to demonstrate an overall view of variable importance and the
possible nonlinear relationships in the model. Meanwhile, the backward stepwise selection method
in the logistic regression captures any statistically significant associations of each covariate with the
stunting status.

Figure 1 visualizes the SHAP analysis from the tuned GBM for the South Sumatra stunting
data. Each individual child represented in the dataset is symbolized by a dot within the graphical
representation. The horizontal axis delineates the extent to which each covariate influences the
predicted probability of stunting, with positive values denoting an elevated risk and negative values



suggesting a diminished risk. Red points signify elevated feature values, while blue points indicate
reduced feature values. The SHAP analysis shows that house area, birth weight, sex, age, birth
length, and mother’s education are the most influential covariates of under-five children’s stunting
status in South Sumatra Province. Male children who live in smaller houses, with low birth weight
and length, had a higher risk of stunting. These results are in line with the results from the backward
stepwise selection in logistic regression. This SHAP analysis moreover demonstrates nonlinear
influences of covariates on children’s stunting. The SHAP analysis shows that house area, birth
weight, sex, age, birth length, and mother’s education are the most influential covariates of under-
five children’s stunting status in South Sumatra Province. Male children who live in smaller houses,
with low birth weight and length, had a higher risk of stunting. These results are in line with the
results from the backward stepwise selection in logistic regression. This SHAP analysis moreover
demonstrates nonlinear influences of covariates on children’s stunting.

Feature importance (SHAP) — GBM model
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Fig. 1. SHAP summary from GBM for South Sumatra data.

3.4 Models’ predictive performance

In the preprocessed stage, we have randomly divided the original data into training data (80%)
and testing data (20%). The training data were used to train logistic regression (LR) and GBM.
After the training process was done, we conducted prediction and model predictive performance
evaluation on the independent testing data. The model’s performance across five metrics is shown in
Table 4. In general, the presented metrics can be grouped into calibration (Accuracy, F1 Score, and
Brier score) and discrimination, namely Area Under the Receiver Operating Characteristic curve



(AUROC) and Area Under the Precision-Recall Curve (AUPRC). Calibration and discrimination
assess the model’s performance on two different aspects. Thus, they are incomparable. Calibration
evaluates how close the outcomes match the outputs. Meanwhile, discrimination measures how well
the models separate each individual into two groups.

Table 4: Performance metrics of predictive model.

Model Accuracy FI1 Score Brier Score  AUROC AUPRC

LR 0.795 0.008 0.162 0.592 0.243
GBM 0.801 0.029 0.162 0.581 0.249

From Table 4, although both models’ accuracy was around 0.80, the extremely low F1 scores
(0.01 for LR and 0.03 for GBM) suggest that the classifiers miss positives and mostly predict the
majority class, which is misleading given the stark class imbalance (19% stunting class). The prob-
ability estimates may need post-hoc calibration because the calibration was also suboptimal (Brier
score ~ 0.16 for both models), which is worse than a perfectly calibrated constant predictor at the
base rate (p(1 — p) = 0.154).

The tuned GBM had an AUROC of 0.581 and AUPRC of 0.249, which was slightly higher
than the AUROC of 0.592 and the AUPRC of 0.243 for LR (Table 4). These numbers reveal that
the models are not very strong at telling the difference between groups (AUROC = 0.5), but they
still pick up key signals because there are not many socioeconomic and household factors. The
Precision-Recall (PR) curves demonstrate that all of the models are more accurate than the baseline
(= 0.19, which is the same as the rate of stunting class). This means that there is a big improvement
in prediction, even while the overall recall is poor. The Receiver Operating Characteristic (ROC)
and PR trends for LR and GBM models are essentially the same. This illustrates that both traditional
and ensemble methods reveal risk gradients that are similar. This is in accordance with the shared
factors reported in regression and SHAP analysis in the previous subsections.

As the complement of Table 4, we also amend the plots of AUCROC and AUPRC as presented
by Figure 2. The figure shows the PR curves closely resemble the no-skill baseline for most levels
of recall. From Panel 2a, there are only small spikes at near-zero recall (when a few high-precision
predictions happen), and then they settle around precision 0.20 — 0.25 across moderate recall, which
is in accordance with the low F1 values. The ROC curves (Panel 2b) are just a bit higher than the
diagonal, and for any given false-positive rate, the true-positive rate rises, where LR is slightly higher
than GBM. This means that the classes do not really stand out from each other. GBM is better than
LR on PR-oriented measures (higher AUPRC and F1), while logistic regression is better on ROC
(AUROC 0.59 vs 0.58); the differences are modest and neither model is strong.

4 Discussion

In this work, we have revealed several factors affecting the stunting in South Sumatra. An
elevated birth weight, increased birth length, and improved household sanitation (toilet facilities)
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Fig. 2. Model discrimination performance: (a) PR curve, and (b) ROC curve.

were associated with a significantly reduced incidence of stunting, corroborating established bio-
logical and environmental determinants [14, 15]. From the obtained odds ratio for the sex variable
(OR =0.693, p = 0.009), females experience a diminished risk in comparison to their male counter-
parts. This result is consistent with current literature [16, 17, 18]. Socioeconomic status, as indicated
by residential area, exhibited a minimal effect on the prevalence of stunting. In other words, there is
an indication that stunting might be affected by household wealth [18, 19].

When we checked to see how well the model worked, we found that it could not predict well.
The AIC-selected logistic model and GBM both had accuracies of about 0.80, but their F1-scores
were not very high (0.01 —0.03). This means that there was a lot of class imbalance, and they were
not very good at finding stunted cases. We also found that the discrimination capability of the fitted
models was slightly above random guessing, either based on AUROC or AUPRC (see [20] for more
details). Brier scores also showed that the calibration of the model was like a simple constant model.
The results indicated that the used covariates and the chosen models do not sufficiently conduct more
accurate prediction [21]. Based on F1 and AUPRC, it is shown the advantage of GBM in capturing
nonlinear relationships despite the current benefits not being significant enough [20]. The potential
cause of the less accurate prediction was that the data used did not include a lot of variables, had
errors in measurement, and did not include some critical factors, such as dietary habits and nutrition
of the mother [22].

5 Conclusion

This research demonstrates that although significant biological and environmental determi-
nants, notably birth outcomes and sanitation, persist as robust correlates of stunting in South Suma-
tra, their collective predictive efficacy for identifying at-risk children remains constrained. The LR



and GBM models are only slightly superior to random chance classification, highlighting the im-
perative for improved data integrity and advanced model refinement. Future work should include
additional potential independent variables, such as dietary habits and nutrition of the mother. These
variables might be obtained from other datasets, namely the Indonesian Demographic and Health
Survey (IDHS). Applying more advanced ML approaches with class balance and studying regional
variation would also potential direction as the future study.
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