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Abstract
Background

Acute morbidity from fever, diarrhea, and respiratory infections remains the leading cause of death
among children under five years of age in low- and middle-income countries. Existing epidemiological
analyses did not quantify the potential population-level impact of targeted interventions. This study
aimed to identify the most important socioeconomic and nutritional determinants of acute childhood
morbidity and to simulate the effects of predicted factors through counterfactual analysis.

Methods

This study used secondary cross-sectional data from the Punjab Multi-Indicator Cluster Survey (MICS)
2017-18). The analytical sample comprised 10,128 children aged 6—23 months. The outcome variable
was acute disease status (fever, diarrhea, or respiratory symptoms in the preceding two weeks),
classified as diseased or healthy. Nine policy-relevant predictor variables were included: vitamin and
mineral supplement access, wealth quintile index, maternal education, bottle feeding, height-for-age,
weight-for-height, minimum dietary diversity, breastfeeding status, and health insurance. A random
forest model was applied after hyperparameter optimization via grid search. Counterfactual simulation
was conducted by systematically replacing each key predictor with its optimal value across the full
dataset to estimate the predicted change in health rates under different scenarios.

Results

Of the 10,128 children included, 49% (n = 4,982) were classified as diseased. The tuned random forest
model achieved an overall accuracy of 60.5% (95% Cl: 58.5-62.2%), significantly exceeding the no-
information rate of 50.7% (p < 0.001), with an AUC of 0.632 (95% CI: 0.612-0.651) and a kappa
coefficient of 0.204. Vitamin and mineral supplement access emerged as the dominant predictor of
mean decrease in Gini importance, followed by the wealth quintile index and maternal education.
Counterfactual simulation demonstrated that optimizing access to vitamin and mineral supplements for
all children was associated with the largest predicted improvement in population-level health rates (+
12.79 percentage points), followed by achieving higher maternal education (+ 3.61 percentage points).

Conclusions

This study demonstrates the utility of random forest modeling combined with counterfactual simulation
as a policy-analytical tool for assessing child health in data-rich but resource-constrained settings.
Vitamin and mineral supplementation programmes, maternal education, and dietary diversity
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interventions represent the highest-yield policy priorities for reducing acute childhood morbidity in
Punjab’s most vulnerable communities.

1. Introduction

Morbidity and mortality during childhood are major health challenges worldwide, with enormous
consequences for the well-being of individuals and the development of society (1). Although there has
been significant progress in decreasing mortality rates among children under 5 years of age in the global
context since 1990, with 93 deaths per every 1,000 live births to 37 deaths per 1,000 live births in 2023, a
gap between various geographical areas and socioeconomic classes still remains (2). The major causes
of death in children under the age of 5, especially in low- and middle-income countries, are infectious
diseases, preterm birth complications, and congenital anomalies (3).

Malnutrition also plays a crucial role in exacerbating childhood morbidity and mortality, contributing to
approximately 50% of deaths in children under five years of age (4, 5). Approximately 22% of children
under 5 years of age worldwide were stunted, and 6.8% suffered from wasting in 2022 (6). In addition to
malnutrition, multiple factors contribute to increased childhood morbidity and mortality, including
socioeconomic status, maternal education, maternal age, birth intervals, breastfeeding practices, and
cultural practices (7). A low Wealth Quintile Index (WQI) has a profound effect on a child’s nutritional
status and well-being. Approximately twenty-five percent of children from middle-income and low-
income countries who are younger than 2 years lack threshold levels of food diversity according to the
World Health Organization (WHO) recommendations (8, 9).

In Pakistan, the situation is particularly concerning, with an underfive mortality rate of 58.5 deaths per
1,000 live births and the highest infant mortality rate among South Asian countries and 22nd in the
whole world (10-12). The United Nations has set the Sustainable Development Goal 3.2 to reduce the
five mortality rates to 25 deaths per 1000 live births by 2030, which demands multisectoral interventions
to address this issue (13). Childhood morbidity in Pakistan includes diverse health problems, such as
infectious diseases, developmental disorders (14, 15), and most importantly, malnutrition (16).
Approximately 40% of children under 5 years of age in Pakistan were stunted, and 17.7% of children
experienced wasting in 2018 (17).

The first 1,000 days of life, spanning from conception to a child's second birthday, represent a critical
window for improving child health and survival. During this period, rapid fetal growth, brain development,
immune system maturation, and organ formation occur, making children highly responsive to nutritional
and environmental influences (18). Adequate maternal nutrition, exclusive breastfeeding for the first six
months, timely complementary feeding, immunization, infection prevention, and access to quality
healthcare during this window substantially reduce the risk of childhood morbidity from infectious
diseases such as diarrhea and pneumonia, as well as mortality (19). Therefore, evidence consistently
identifies the first 1,000 days as the most effective period for interventions aimed at reducing childhood
morbidity and mortality while promoting optimal growth, neurodevelopment, and long-term health
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outcomes (20). The previous 1000 days provide a foundation for the next 1,000 days of life (2-5 years of
age), which constitute a second critical window for early childhood development, during which nurturing
care and supportive environments are essential for sustaining and enhancing the health, growth, and
developmental gains achieved during the first 1,000 days. However, most children in low- and middle-
income countries do not receive adequate nurturing care, placing them at increased risk of poor
developmental outcomes (21).

Punjab, the most populous province of Pakistan with over 110 million residents, contributes
disproportionately to national figures given its size. (22, 23). Socioeconomic disparities are evident, with
45% of child morbidity cases occurring in poor families compared with 35% in wealthier households (12).
It is critical to address malnutrition and childhood morbidity in Punjab from both a national and regional
standpoint as a part of larger initiatives to improve child health and sustainable development.
Furthermore, the Punjab government has made enhancing children’s health a top priority in its health
strategy, highlighting the necessity of evidence-based interventions customized for the region (24).

The Punjab Multi-Indicator Cluster Survey (MICS) 2017-18, conducted by UNICEF in collaboration with
the Bureau of Statistics, Government of Punjab, provides the most comprehensive population-
representative dataset on child nutrition, health, and socioeconomic status in the province (23). Previous
analyses of MICS data have highlighted alarming gaps in healthcare utilization, dietary diversity, and
vaccination coverage (25, 26).

Machine learning (ML) algorithms, particularly ensemble tree-based methods such as random forest
(RF), offer significant advantages for population health research. The random forest handles high-
dimensional datasets, captures complex nonlinear interactions between predictors, is robust to
multicollinearity, and generates variable importance metrics that can directly inform priority-setting (27).
Several studies have demonstrated the superiority of random forest over logistic regression for
identifying key predictors of child health outcomes in low—middle-income countries (LMICs) (28, 29). In
addition to prediction, a growing body of literature has applied counterfactual simulations, systematically
replacing observed predictor values with hypothetical optimal values and observing model-predicted
outcomes to estimate the population-level impact of policy interventions (30). This approach moves ML
from a purely predictive framework to a policy-generative framework, offering decision-makers quantified
estimates of intervention effects within specific populations.

Despite these methodological advances, no published study to date has applied random forest modeling
with integrated counterfactual policy simulation to Punjab MICS data for childhood acute morbidity,
leaving the complex interplay of nutritional, dietary, and socioeconomic determinants underexplored and
the potential effect of policy interventions unquantified. This gap represents a missed opportunity to
translate routinely collected survey data into actionable public health intelligence.

This study therefore has three objectives: (i) to describe the distribution of nutritional and

socioeconomic determinants of acute morbidity among children aged 6—23 months in Punjab; (ii) to

build and evaluate a random forest model for predicting acute childhood morbidity via policy-relevant
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predictors; and (iii) to apply counterfactual simulations to estimate the impact of key population-level
policy-relevant predictors on the health status of children. The novel contribution of this study lies in the
integration of machine learning-based prediction with counterfactual policy simulation using a nationally
representative dataset, providing a replicable analytical framework for child health policy in Punjab and
similar LMIC settings.

2. Methods
2.1 Study Design and Data Source

This study used a cross-sectional secondary data analysis design. Data were obtained from the Punjab
Multi-Indicator Cluster Survey (MICS) 2017-18, a household-based, population-representative survey
conducted by the Bureau of Statistics, Government of Punjab, in collaboration with UNICEF (31). The
MICS uses a stratified multistage cluster sampling design and has been conducted periodically since
2003 to provide data on key health, education, and welfare indicators for children and women. The
survey employed structured, interviewer-administered questionnaires at the household level. The MICS
2017-18 represents the most recent comprehensive data on a variety of indicators for children up to 23
months of age in Punjab, with data collected from all nine administrative divisions: Bahawalpur, Dera
Ghazi Khan (D.G. Khan), Faisalabad, Gujranwala, Lahore, Multan, Rawalpindi, Sahiwal, and Sargodha.

2.2 Study population and analytical samples

The original MICS 2017-18 dataset contains records for 42,408 children under five years of age. The
target population for this research was children aged 6-23 months of age, as the WHO Minimum Dietary
Diversity (MDD) indicator — a core predictor variable in this study — is exclusively validated and
applicable to children aged 6—23 months, as defined by the WHO/UNICEF Infant and Young Child
Feeding (IYCF) guidelines (32). After the initial filter, a sample size of 11,364 children aged 6-23 months
was obtained. A stepwise data cleaning protocol was applied prior to analysis. First, records with
standard MICS missing or “don’t know” response codes (values 8 and 9 for categorical variables) were
excluded. Second, implausible z scores for the anthropometric indicators (coded as 99.97, 99.98, or
99.99 in the dataset, denoting measurement failure) were excluded. Third, records with missing values
for any of the nine analytic variables were excluded via complete-case analysis. After applying these
exclusion criteria, the final analytical sample comprised 10,128 children. The geographic distribution of
the analytical sample across Punjab’s nine divisions is reported in Table 1.

2.3 Outcome Variable

The primary outcome variable was acute disease status, which was defined as a dichotomous indicator
(yes/no). A child was classified as 'diseased' if the caregiver reported the occurrence of any of the
following within the two weeks preceding the survey interview: fever, diarrhea, cough, or difficulty
breathing. A child was classified as “healthy” if none of these symptoms were reported. This composite
case definition follows the standard MICS childhood morbidity ascertainment methodology and is
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consistent with the WHO Integrated Management of Childhood lliness (IMCI) framework, which identifies
fever, diarrhea, and cough or difficult breathing as the four primary presenting symptoms of childhood
illness (33). This definition has been applied in previous population-based analyses of underfive
morbidity using DHS data from comparable settings (34).

2.4 Predictor Variables

Nine policy-relevant predictor variables were selected a priori on the basis of theoretical frameworks of
child health determinants, data availability, and evidence from the literature (8, 9). These were:

(1) Vitamin and mineral supplement access: Whether the child had access to vitamin or mineral
supplements (yes/no). (2) Wealth quintile index: Household economic status is classified into five
quintiles (Poorest, Poor, Middle, Rich, Richest) on the basis of an asset index computed by MICS. (3)
Maternal education: The highest educational level attained by the child’s mother (none, primary, middle,
secondary, or higher). (4) Bottle feeding: the use of a feeding bottle in the preceding 24 hours (yes/no).
(5) Height-for-age z score (HAZ) category: Nutritional status classified as severely stunted (< - 3 SD),
moderately stunted (- 3 to < - 2 SD), or normal (= 2 SD). (6) Weight-for-height z score (WHZ) category:
Nutritional status classified as severe wasting (< - 3 SD), moderate wasting (- 3 to < - 2 SD), normal, or
overweight (> + 2 SD). (7) Minimum dietary diversity (MDD): Whether the child achieved the WHO MDD
score of > 5 food groups (adequate/inadequate). The dietary groups considered were breastmilk,
grains/cereals, legumes, vitamin A-rich fruits and vegetables, other fruits and vegetables, dairy products,
flesh foods, and eggs (32). (8) Breastfeeding status—whether the child was still being breastfed at the
time of the survey (yes/no). (9) Health insurance—whether the household had any form of health
insurance coverage (yes/no).

2.5 Statistical analysis—random forest model

All the analyses were conducted in R version 4.3.1. The RF package was used for model fitting. Prior to
modeling, the dataset was split into a training set (70%) and a testing set (30%) via stratified random
sampling (set.seed = 1234) to ensure reproducibility and preserve the outcome class distribution across
sets.

RF is an ensemble learning method that constructs multiple decision trees from bootstrap samples of
the training data, with a random subset of predictors considered at each node split. The final class
prediction is determined by the majority vote across all the trees. This procedure reduces the variance
associated with individual decision trees, improves generalization to unseen data, and handles complex
nonlinear interactions between predictors without requiring pre-specification. The algorithm is also
inherently robust to multicollinearity, making it well suited to the interrelated predictor set used in this
study (35).

Hyperparameter optimization was conducted via a systematic grid search over the training set, varying
three key parameters: the number of variables randomly sampled at each node split (mtry: 2, 3, 4, 5, and
6), the minimum node size (nodesize: 1, 5, and 10), and the maximum number of terminal nodes
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(maxnodes: 10, 20, 30, and 40). Model accuracy on the testing set was used as the selection criterion
(36). The optimal parameter combination was mtry = 6, nodesize = 10, and maxnodes = 40, with ntree =
1,000 trees used to ensure convergence of the error estimates. The model was fitted with
importance=TRUE to enable computation of both the mean decrease Gini coefficient and the mean
decrease accuracy importance metric.

2.6 Model evaluation

Model performance on the held-out testing set was evaluated in terms of (i) overall classification
accuracy with 95% confidence interval; (i) sensitivity (true positive rate for the healthy/no class); (iii)
specificity (true positive rate for the diseased/yes class); (iv) positive predictive value (PPV); (v) negative
predictive value (NPV); (vi) F1 score; (vii) balanced accuracy; (viii) Cohen’s kappa coefficient; and (ix)
area under the receiver operating characteristic curve (AUC-ROC) with 95% CI computed via the DeLong
method via the pROC package. The statistical significance of model accuracy over the no-information
rate (NIR) was also assessed (37). Variable importance was assessed via the mean decrease Gini
(MDG), which quantifies the total decrease in node impurity averaged over all trees and splits for each
predictor. Higher MDG scores indicate greater contributions to class separation (38).

2.7 Counterfactual simulation

To translate the model findings into policy-relevant estimates, the top three predictor variables assessed
by the mean decrease Gini coefficient were used for counterfactual simulation. Three counterfactual
scenarios were simulated. In each scenario, a single predictor variable was set to its optimal value for all
observations in the full dataset, whereas all other variables were held at their observed values. The fitted
random forest model was then applied to generate the predicted probabilities of being “healthy” [Disease
Status = No] for each observation. The mean predicted health rate across all observations was
compared against the baseline predicted health rate (derived from the original observed dataset) to
quantify the predicted change attributable to each intervention.

Three scenarios were evaluated: (1) vitamin and mineral supplement access — all children set to vitamin
mineral supplements = “yes”; (2) maternal education — all mothers set to mothers’ education = “higher”;

and (3) minimum dietary diversity — all children set to the MDD = “adequate”. This approach mirrors the

marginal standardization method used in causal inference and has been applied in comparable machine
learning policy simulation studies (39). The results are reported as the absolute change in the predicted

percentage of healthy children relative to the baseline.

2.8 Geographic Mapping of Acute Morbidity Prevalence

To visualize the spatial distribution of the acute morbidity burden across Punjab, the division-level two-
week period prevalence was computed as the proportion of children classified as diseased within each
of Punjab's nine administrative divisions. Administrative boundary shape files for Pakistan at the district
level (Level 2) were obtained from the United Nations Office for the Coordination of Humanitarian Affairs
(OCHA) Pakistan Common Operational Dataset. District-level polygons were aggregated to the division
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level via a district-to-division lookup table constructed according to the official administrative
classification of Punjab Province. Spatial data processing and choropleth map generation were
performed via the sf and ggplot2 packages in R version 4.3.1. Prevalence estimates were mapped via a
continuous yellow-to-red color gradient, with darker shading indicating higher acute illness prevalence.

2.9 Ethical considerations

The MICS 2017-18 was conducted under institutional ethical clearance by the Bureau of Statistics,
Government of Punjab, and UNICEF Pakistan. Informed consent was obtained from all the participating
households at the time of data collection. This study constitutes a secondary analysis of deidentified,
publicly available data; no additional ethical approval was needed.

3. Results
3.1 Sample characteristics

The analytical sample comprised 10,128 children aged 6—23 months, of whom 5,173 (51%) were male
and 4,955 (49%) were female. The geographic distribution was broadly proportional to divisional
population size, with Gujranwala (16%), Faisalabad (12%), Multan (12%), and Lahore (12%) contributing
the largest shares of the sample. All demographic and nutritional characteristics are presented in
Tables 1 and 2.

Among the 10,128 children, 4,982 (49%) were classified as diseased, reporting at least one episode of
fever, diarrhea, cough, or respiratory difficulty in the two weeks preceding the survey, whereas 5,146
(51%) were classified as healthy. Figure 1 presents the geographic distribution of the two-week period
prevalence of acute illness among children aged 6—23 months across the nine administrative divisions
of Punjab. Substantial divisional variation was observed, with D.G. Khan recording the highest acute
illness prevalence (66%), followed by Sargodha (56.8%), Rawalpindi (52.3%), Multan (54.3%), and
Faisalabad (49.2%). The lowest prevalence was observed in Lahore (41%) and Gujranwala (38%).

Nutritional status indicators revealed that 29% of the children were stunted (11% severely stunted, 18%
moderately stunted) and that 8.9% were wasted (2.3% severely wasted, 6.6% moderately wasted). The
vast majority of children (81%) did not achieve the WHO Minimum Dietary Diversity score. Only 15% of
the children had access to vitamin or mineral supplements, whereas only 2.4% of the households
reported health insurance coverage. Breastfeeding was reported in 63% of the children, whereas bottle
feeding was practiced in 59% of the households.

Socioeconomic characteristics revealed a predominantly poor population: 23% of children belonged to
the poorest wealth quintile, and 21% belonged to the poor quintile, with only 15% in the richest quintile.
With respect to maternal education, 41% of mothers had no formal education, whereas only 14% had
attained higher education. These findings indicate that a sample is concentrated at the lower end of the
socioeconomic spectrum.
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Table 1

Sociodemographic characteristics of the study sample (N =

10,128)
Characteristic Category N %
Gender Male 5173  51%
Female 4,955 49%
Age (months) 6—11 months 3156 31%
12-13 months 6,972 69%
Division Bahawalpur 887 8.8%
Dera GhaziKhan 1,122 11%
Faisalabad 1,196 12%
Gujranwala 1,643 16%
Lahore 1,251  12%
Multan 1,227 12%
Rawalpindi 1,076  11%
Sahiwal 676 6.7%
Sargodha 1,050 10%
Wealth Quintile Index  Poorest 2,341 23%
Poor 2145 21%
Middle 2173  21%
Rich 1,922 19%
Richest 1,547 15%
Maternal Education None 4189 41%
Primary 2,065 20%
Middle 1,051  10%
Secondary 1,425 14%
Higher 1,398  14%
Health Insurance No 9,880 97.6%
Yes 248 2.4%
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Table 2
Nutritional and health-related characteristics of the study sample (N =

10,128)
Characteristic Category N %
Disease Status Healthy (No) 5146 51%
Diseased (Yes) 4982 49%
Height-for-Age (HAZ) Severely Stunted 1,102 11%

Moderately Stunted 1,807 18%
Normal 7219  71%
Weight-for-Height (WHZ) Severe Wasting 232 2.3%
Moderate Wasting 664 6.6%

Normal 9,044 89%
Overweight 188 1.9%
Minimum Dietary Diversity Inadequate 8,245 81%
Adequate 1,883 19%
Breastfeeding No 3,751  37%
Yes 6,377 63%
Vitamin/Mineral Supplements  No 8,569 85%
Yes 1,559 15%
Bottle Feeding No 4108 41%
Yes 6,020 59%
Vitamin A-rich Fruits/Veg No 5848 58%
Yes 4280 42%

3.2 Random forest model performance

The tuned random forest model (ntree = 1,000; mtry = 6; nodesize = 10; maxnodes = 40) achieved an
overall accuracy of 60.5% (95% Cl: 58.7-62.3%) on the held-out test set, statistically significantly
exceeding the no-information rate of 50.65% (p < 2.2x10-"¢). The AUC-ROC was 0.6322 (95% CI: 0.6125-
0.6518), indicating a modest but statistically significant discriminatory ability above chance. Cohen’s
kappa was 0.2044, indicating fair agreement beyond chance.

The confusion matrix revealed that the model correctly classified 1,342 healthy children (true negatives
for disease) and 508 diseased children (true positives for disease). The confusion matrix for the testing
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dataset is given in Table 3. With the healthy class (No) set as the positive reference, the model
demonstrated high sensitivity for detecting healthy children (86.64%) but lower specificity for detecting
diseased children (33.66%). The positive predictive value was 57.28%, and the negative predictive value
was 71.05%. The F1 score was 68.96%, and the balanced accuracy was 60.15%. The full performance
metrics are presented in Table 4, and the ROC curve is depicted in Fig. 2.

Table 3

Confusion matrix for the testing dataset (N = 3,058;
30% of the sample data).

Disease Status No (Healthy) Yes (Diseased)

No (Healthy) 1,342(TN) 1,001 (FN)
Yes (Diseased) 207 (FP) 508 (TP)

Table 4

Performance metrics of the tuned random forest model on the
held-out test set (N =4,178)

Metric Value
Overall Accuracy 0.605 (95% CI: 0.5847-0.6224)
No-Information Rate 0.5065

P value (Accuracy > NIR) <2.2x 107

AUC-ROC 0.6322 (95% Cl: 0.6125-0.6518)
Cohen's Kappa 0.2044

Sensitivity (Healthy class)  0.8664

Specificity (Disease class) 0.3366

Positive Predictive Value 0.5728

Negative Predictive Value  0.5065

F1-Score 0.6896

Balanced Accuracy 0.6015

Note: Positive class = 'No' (Healthy). Sensitivity refers to the model's ability to correctly identify healthy
children; specificity refers to the model's ability to correctly identify diseased children. NIR = no-information
rate (accuracy of classifying all cases as the majority class).

3.3 Variable Importance

The variable importance assessed by the mean decrease Gini coefficient is illustrated in Fig. 3. The

vitamin and mineral supplement had the highest importance score (MDG = 253), substantially exceeding

the prespecified importance threshold of 200 and far surpassing all other predictors. The wealth quintile
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index (MDG = 36) and maternal education (MDG = 28) ranked second and third, respectively. Weight-for-
height (MDG = 18), height-for-age (MDG = 13), and minimum dietary diversity (MDG = 08) had
intermediate importance scores. The dominance of supplements in the Gini importance ranking is
noteworthy. As a binary variable, 85% of the cases were in the “No” category. Accordingly, counterfactual
simulation was employed to provide a more direct, population-level estimate of the policy impact of
supplement access.

3.4 Counterfactual Policy Simulation

The baseline predicted health rate across the full analytical dataset under the observed conditions was
71.82%. Table 5 and Fig. 4 present the predicted health rates and effects vs. baseline under the three
counterfactual policy scenarios.

Table 5
Counterfactual simulation results: predicted health rates under different policy scenarios
Scenario Predicted Healthy Rate  Absolute Change vs.
(%) Baseline (%)
Baseline (observed conditions) 71.82 —
Vitamin/Mineral Supplement Access (all 84.61 +12.79
children)
Higher Maternal Education (all mothers) 75.43 +3.61
Adequate Minimum Dietary Diversity (all 72.29 +0.47
children)

Vitamin and mineral supplement access was associated with the largest predicted improvement: a
12.79 percentage point increase in the health rate (from 71.82% to 84.61%). This represents the single
highest-impact modifiable intervention among all the scenarios tested. Higher maternal education for all
mothers in the sample was associated with a 3.61 percentage point increase in predicted health rates
(71.82% to 75.43%). Achieving adequate minimum dietary diversity for all children was associated with a
modest 0.47 percentage point increase (71.82% to 72.29%). The distribution of individual-level predicted
probabilities of being healthy under each scenario, visualized via density and bar plots (Figs. 4 and 5),
confirmed that the supplement scenario produced the most pronounced rightward shift in the predicted
probability distribution, indicating the broadest population-level benefit.

4. Discussion

This study applied a random forest machine learning algorithm to data from the Punjab MICS 2017-18
to identify key determinants of acute childhood morbidity and to quantify the predicted population-level
impact of targeted policy interventions through counterfactual simulation. The principal findings are as
follows: (i) acute morbidity prevalence was 49% in the analytical sample, indicating a high and persistent
burden of childhood illness; (ii) vitamin and mineral supplement availability, the wealth quintile index, and
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maternal education were the most important predictors of disease status; and (iii) vitamin and mineral
supplement access was associated with the largest predicted improvement in health rates (+ 12.79
percentage points), underscoring supplementation as the highest-yield policy priority.

4.1 Disease prevalence

The acute morbidity prevalence of 49% observed in this study, defined as any episode of fever, diarrhea,
cough, or respiratory difficulty in the preceding two weeks, reflects the composite burden of these
conditions, which individually has been documented at 14% for diarrhea (40), 8.4% for acute respiratory
symptoms, and 27% for fever in Punjab (41). The prevalence of acute morbidity observed in this study is
also consistent with findings from comparable demographic health survey-based analyses from
Pakistan, the broader South Asian region (42, 43), and WHO and UNICEF global estimates, which indicate
that children in South Asia experience an average of three to five episodes of acute illness per year, with
fever and diarrhea predominating (44). The finding that nearly half of the study sample experienced
acute morbidity in a two-week recall window points to the urgent need for strengthened preventive
interventions. The geographic distribution of acute illness incidence revealed a striking 28 percentage
point disparity between D.G. Khan (66%) and Gujranwala (38%), highlighting substantial subprovincial
inequity in the childhood morbidity burden within Punjab. This pattern is consistent with evidence from
comparable LMIC settings, demonstrating that geographic clustering of child morbidity reflects the
uneven distribution of poverty, sanitation infrastructure, and healthcare access across administrative
units (25). The D.G. Khan division is among the most economically disadvantaged divisions in Punjab,
with the highest proportion of households in the poorest wealth quintile and the most limited access to
basic health services (45).

4.2 Model Performance and Methodological
Considerations

The random forest model achieved an accuracy of 60.5% and an AUC of 0.63, which, while modest in
absolute terms, represents a statistically significant improvement over chance classification (NIR =
50.6%, p < 0.001). This level of performance is consistent with comparable machine learning studies of
childhood health outcomes using population survey data. A study comparing machine learning and
conventional epidemiological approaches for predicting childhood diarrhea using Nigerian DHS data
reported a random forest AUC of 0.684, which was closely comparable to that of logistic regression and
consistent with the modest discriminatory performance expected from population survey predictors
(46). A concurrent meta-analysis of 11 studies applying machine learning to DHS data for malnutrition
prediction reported a pooled random forest accuracy of 0.71, attributing the wide variability to
differences in setting, outcome definitions, and the inherent limitations of survey-based proxies as
individual-level classifiers (47).

The model demonstrated high sensitivity for correctly identifying healthy children (86.6%) but lower
specificity for detecting diseased children (33.6%), indicating a bias toward predicting the majority class.
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This pattern is common in ensemble tree models when the class distribution is moderately imbalanced
and the predictors are predominantly population-level social variables rather than individual clinical
markers (48). Importantly, the primary analytical objective of this study was not the clinical diagnosis of
individual children, a purpose for which sensitivity for the minority class (diseased children) would be the
paramount criterion, but rather the identification of population-level determinants and simulation of
policy effects. For this purpose, the AUC and variable importance provide the most meaningful
evaluation criteria, as they assess the model’s ability to rank children by predicted risk and identify the
relative contribution of each predictor to outcome variability (49).

4.3 Key Predictors of Childhood Morbidity

The degree of vitamin and mineral supplement access emerged as the most important predictor of the
mean decrease in Gini importance. This finding is corroborated by extensive literature linking
micronutrient deficiency, particularly vitamin A, zinc, and iron deficiency, to increased susceptibility to
infectious disease in young children (50). Zinc supplementation in children under five years of age has
been shown to reduce diarrheal incidence by 13% and pneumonia morbidity by 19%, with estimated
reductions in diarrhea and pneumonia mortality of 13% and 15%, respectively (51). Several meta-
analyses have confirmed that zinc and vitamin A supplementation significantly reduce the incidence and
severity of diarrhea and pneumonia in children under five years of age in LMICs (52, 53). The extremely
low supplement coverage in this sample (15%) points to a critical gap in preventive micronutrient
programming in Punjab, which is consistent with findings from comparable settings in Pakistan (54, 55).

The wealth quintile index and maternal education ranked as the second and third most important
predictors, respectively, which is consistent with the established literature on social determinants of
child health. Socioeconomic gradients in child morbidity are well documented in South Asia: children
from the poorest households face a two- to threefold higher risk of acute illness than do those from
wealthier families, which is mediated through pathways including food insecurity, poor water and
sanitation, overcrowding, and limited healthcare access (43, 56). Maternal education is recognized as
one of the most powerful determinants of child health globally, operating through improved care-seeking
behavior, better hygiene practices, superior dietary practices, and greater uptake of preventive services
(57). The finding that 41% of mothers in this sample had no formal education highlights a structural
vulnerability that substantially limits protective caregiving behaviors.

Bottle feeding was identified as an important predictor of disease status, which is consistent with
established evidence that bottle-fed children have a significantly greater risk of diarrheal disease and
respiratory infections than exclusively breastfed children do (58). The high prevalence of bottle feeding
(59%) in this sample is concerning, given that 63% of the children were also still breastfeeding,
suggesting that mixed feeding with bottle use may drive elevated morbidity risk. This finding aligns with
a rapid review and meta-analysis reporting that exclusive breastfeeding has been shown to reduce
diarrheal disease incidence by 43-50% in infants under six months compared with nonexclusive or
formula feeding (59).
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Anthropometric indicators (height-for-age and weight-for-height categories) have intermediate
importance, confirming the bidirectional relationship between malnutrition and infection that has been
extensively documented in the literature: malnourished children are more susceptible to infection, and
recurrent infection further impairs nutritional status (60). The stunting prevalence of 29% and wasting
prevalence of 8.9% observed in this sample are below the WHO emergency thresholds but remain
substantially above global averages, indicating a chronic nutritional crisis that sustains elevated
morbidity risk.

4.4 Counterfactual Simulation Findings

The counterfactual simulation identified vitamin and mineral supplement access as the single largest
modifiable determinant of population-level health rates, with a predicted improvement of +12.79
percentage points. This finding has direct programmatic implications. Punjab’s existing nutrition
programmes — including the National Nutrition Programme and the Punjab Food Authority micronutrient
fortification initiatives — have focused predominantly on food fortification rather than targeted
supplementation for underfive children. The simulation results suggest that targeted supplementation
programs, reaching 85% of children currently without access, could yield substantial reductions in the
acute morbidity burden at the population level. These findings are consistent with those of Nugroho and
Handini (61), who demonstrated that micronutrient supplementation significantly improved nutritional
outcomes in vulnerable populations, with iron reducing anemia rates, vitamin A decreasing infection-
related morbidity and mortality, and zinc alleviating stunting while reducing diarrheal and respiratory
infections in children (62).

The predicted effect of higher maternal education (+ 3.61 percentage points) reinforces the importance
of investing in girls’ education as a long-term child health intervention. This effect is comparable to a
global systematic review and meta-analysis of 300 studies from 92 countries reporting that each
additional year of maternal schooling is associated with a 3.04% reduction in underfive mortality (95% ClI:
2.82-3.23%), which is mediated through improved health literacy, care-seeking behavior, and household
decision-making capacity (63). The relatively modest absolute effect in this simulation reflects the
multistep pathway through which education influences child health and the inherent limitations of single-
variable counterfactual analysis in capturing these indirect mechanisms. The effect of achieving MDD (+
0.47 percentage points) was the smallest among the three scenarios. This finding appears to
underestimate the known nutritional importance of dietary diversity and could be interpreted in the
context of the model’'s complexity: the MDD variable’s relatively low Gini importance suggests that other
predictors, particularly supplements and wealth, absorbed a large proportion of the dietary diversity
signal, likely due to the high correlation between access to diverse foods and household economic
status in this sample. The substantially larger counterfactual effect of supplement access (+ 12.79
percentage points) compared with MDD (+ 0.47 percentage points) is not simply a reflection of
differential variable importance but reflects a fundamental difference in the wealth-correlation structure
of these two interventions. Dietary diversity in low-income South Asian settings is strongly wealth-
constrained, and affordable sources of key micronutrients from food are largely inaccessible to the
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poorest households in Pakistan (64), meaning that the training data rarely contain the combination of
achieving MDD alongside low wealth. Counterfactual simulation of this combination therefore
extrapolates outside the model's training distribution, producing a conservative estimate. In contrast,
supplement access is distributed through government and international programme channels, including
Lady Health Worker outreach and UNICEF campaigns, which specifically target poor households
regardless of wealth quintile (65, 66), meaning that the model encounters supplement access across all
wealth levels during training. The counterfactual simulation of supplement access therefore remains
within the model's learned distribution, producing a more reliable and generalizable prediction effect.

The marked geographic heterogeneity in acute illness prevalence across Punjab's nine divisions —
spanning 38% in Gujranwala to 66% in D.G. Khan — underscores the importance of geographically
targeted implementation of supplementation and maternal education programmes, with D.G. Khan,
Sargodha, and Rawalpindi representing the highest-priority divisions for immediate public health
investment. This would maximize the population-level impact of the policy interventions identified in the
counterfactual simulation

4.5 Strengths and Limitations

This study has several important strengths. The use of a large, population-representative household
survey provides generalisability to the population up to 23 months of age in Punjab. The integration of
machine learning with counterfactual simulation represents a methodological advance over
conventional regression analyses of MICS data, enabling a transition from association description to
policy-relevant effect estimation. The systematic hyperparameter tuning procedure ensures that the
model is optimized prior to evaluation. The reporting of model performance against the no-information
rate benchmark provides an appropriate context for interpreting the predictive results.

Several limitations must be acknowledged. First, complete-case analysis reduced the analytical sample
from 11,364 to 10,128 children, reflecting the cumulative effect of requiring non-missing values across
nine predictor variables simultaneously, a trade-off inherent to multivariate survey-based modeling that
has been documented in comparable MICS analyses (67). Multiple imputation was initially applied as a
sensitivity analysis; however, given that missing data in household surveys such as MICS are
concentrated in the poorest and most rural households, a pattern consistent with Missing Not At
Random (MNAR) rather than Missing At Random (MAR) mechanisms, complete case analysis was
retained as the primary analytic approach. Research has shown that under MNAR, multiple imputation
assuming MAR can itself produce biased estimates, whereas complete case analysis remains valid (68).
The analytical sample of 10,128 children with complete records provided adequate statistical power for
the random forest model and the counterfactual simulation, and the substantive findings were
consistent across both approaches. Second, acute morbidity was ascertained by two-week caregiver
recall, which is subject to recall bias and may underestimate or overestimate true illness episodes.
Future research should integrate digital health-based real-time symptom recording to replace recall-
based ascertainment, enabling more precise outcome measurement. A scoping review of data science
and Al applications in maternal, newborn and child health identified real-time digital data collection as
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the single most impactful methodological advance for improving ML model accuracy in LMIC child
health research, underscoring the importance of this transition for studies such as ours (69). Third, the
low sensitivity of the model for detecting diseased children (30.0%) reflects the inherent limitations of
population-level social variables as individual-level diagnostic classifiers; the model’s utility lies in
population-level risk stratification rather than individual prediction.

5. Conclusions

This study demonstrates that random forest machine learning combined with counterfactual policy
simulation provides a powerful analytical framework for translating population survey data into
actionable child health policy guidance. Among the policy-relevant determinants of acute childhood
morbidity examined in Punjab, vitamin and mineral supplement access emerged as the highest-impact
modifiable factor, with universal supplement access predicted to increase population-level health rates
by 12.79 percentage points. Maternal education and dietary diversity represent secondary priorities with
meaningful but modest predictive effects. The findings support urgent investment in targeted
micronutrient supplementation programmes, education, and dietary diversity interventions as high-yield
strategies for reducing the acute morbidity burden among children in Punjab, especially in divisions with
the highest burden of illness, such as D.G. Khan, who reported the highest prevalence of acute morbidity
(66%), Sargodha (56.8%), and Rawalpindi (52.3%) as identified via geographical mapping. This analytical
framework is replicable via MICS data from other provinces and countries, offering a scalable tool for
evidence-based child health policymaking in similar resource-constrained settings.
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Figure 1

Geographic distribution of acute iliness prevalence among children across nine administrative
divisions of Punjab.

Note: The color gradient represents the division-level prevalence ranging from 38% (Gujranwala) to 66%
(D. G. Khan).
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Figure 2

Receiver operating characteristic (ROC) curve for the tuned RF model on the testing dataset.

Note: The curve depicts the trade-off between sensitivity and specificity across classification thresholds.
AUC = 0.6322 (95% CI: 0.6125--0.6518),
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Figure 3

Variable importance plot (mean decrease Gini) for the tuned RF model.

Note: Supplements availability = Vitamin/Mineral supplements access; MDD score = Minimum Dietary
Diversity Score
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Bar chart depicting the predicted percentage of healthy children under each counterfactual scenario.

Note: The baseline represents the predicted health rate under the observed conditions (71.82%).
Supplements access produced the largest predicted improvement (84.61%, +12.79 percentage points).
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Figure 5

Density plot of individual predicted probabilities of being healthy across all counterfactual scenarios.

Note: The spike at probability = 1.0 reflects the model’s strong tendency to assign a high healthy
probability to the majority of observations; the shift of the “Supplements to All” distribution toward higher
probabilities confirms the population-level benefit of supplementation.
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