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Abstract

Tuberculosis (TB) and malnutrition remain major health challenges among migrant children
living in low-resource urban settings. Identifying clinically relevant patterns associated
with these conditions may support standardized clinical assessment and public health plan-
ning. The present study aimed to identify clinical, anthropometric and sociodemographic
factors associated with TB and malnutrition among migrant children under five years of
age in urban Pakistan. A community-based cross-sectional study was conducted in migrant
settlements of Rachna Town, Lahore, Pakistan. Clinical, demographic and anthropomet-
ric data were collected from 300 children under five years of age. A Genetic Algorithm
(GA) combined with Random Forest analysis was applied to identify the most informative
variables associated with TB and malnutrition. Model performance was assessed using
internal cross-validation. The analytical approach identified a concise subset of variables
showing stable internal performance. Key factors associated with malnutrition included
Bacillus Calmette-Guérin vaccination status, formula feeding, chest X-ray findings and
gastrointestinal symptoms. The most relevant variables associated with TB were Bacillus
Calmette-Guérin vaccination score, erythrocyte sedimentation rate, gastrointestinal indica-
tors and parental occupation. The final models demonstrated good internal discrimination
and substantial agreement. These findings suggest that routinely collected clinical, an-
thropometric, laboratory, radiological, and sociodemographic variables may support the
identification of clinically relevant patterns associated with TB and malnutrition during
standardized community-based assessments. The proposed data-driven approach should
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be interpreted as an analytical and decision-support framework for prioritizing informative
variables and supporting clinical assessment, rather than as a pre-diagnostic or early risk
prediction tool.

Keywords: tuberculosis; malnutrition; migrant children; risk factors; public health; urban
health; pediatric health; cross-sectional study

1. Introduction
Tuberculosis (TB) and malnutrition remain two of the most important public health

challenges affecting children under five years of age in low-resource settings. Their co-
existence exerts a synergistic effect that substantially increases morbidity and mortality,
particularly among displaced or migrant populations [1–4]. Slum environments, commonly
characterized by poverty, overcrowding and inadequate sanitation, provide favorable
conditions for TB transmission and the persistence of chronic undernutrition [1,5].

Globally, TB continues to be one of the leading causes of infectious disease-related
mortality [2]. According to the World Health Organization (WHO), nearly one million
pediatric TB cases occur annually, representing approximately 10% of the global burden [6–8].
Pakistan ranks fifth worldwide in TB incidence and bears the highest burden in South
Asia [9,10]. Children account for ~11% of the national TB caseload [11], and the prevalence
of malnutrition in this population remains alarmingly high, contributing to the country’s
fragile public health situation.

The relationship between malnutrition and TB is bidirectional. Malnutrition weakens
immune defenses and increases susceptibility to infection, whereas TB exacerbates wasting
and micronutrient deficiencies [3,4,12–16]. Studies conducted in South Asia have reported
that the prevalence of TB among severely malnourished children may reach 30–40% [6,16].
This complex interaction is further aggravated by displacement and poverty. Internally
displaced populations in Pakistan, many of whom originate from the conflict-affected
Federally Administered Tribal Areas, frequently settle in urban slums characterized by
poor housing conditions, limited access to healthcare and food insecurity [10]. These socio-
environmental factors intensify vulnerability to communicable diseases and nutritional
deficiencies, particularly in young children.

Although global initiatives aligned with the sustainable development goals aim to re-
duce TB incidence and mortality by 2030 [7], surveillance systems in low-income countries
remain constrained by limited diagnostic and analytical capacity. Traditional epidemio-
logical approaches are often insufficient to identify the complex and multidimensional
determinants of disease risk. In this context, computational analytical approaches have
emerged as promising tools for identifying key predictors of health outcomes in pediatric
populations [17]. However, their application to combined TB-malnutrition risk assessment
remains limited, particularly in community-based settings.

Moreover, most previous studies have examined tuberculosis and malnutrition as inde-
pendent conditions using conventional epidemiological or statistical approaches [12,16,17].
Consequently, limited evidence is available regarding integrated analytical models ca-
pable of simultaneously identifying the multidimensional clinical, anthropometric, and
sociodemographic factors underlying both conditions in highly vulnerable pediatric popu-
lations [17]. Addressing this knowledge gap is essential for improving the identification of
clinically relevant patterns associated with TB and malnutrition and supporting targeted
public health interventions in resource-constrained settings [7,17].
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Based on these considerations, the present study was designed to address this im-
portant knowledge gap by integrating routinely collected clinical, anthropometric, and
sociodemographic information with a hybrid machine-learning framework. We hypothe-
sized that combining feature-selection optimization with supervised classification could
improve the identification of clinically relevant clinical and sociodemographic patterns
associated with TB and malnutrition. To address this gap, a genetic algorithm was applied
to identify the most informative clinical, demographic and anthropometric variables as-
sociated with TB and malnutrition among under-five migrant children living in an urban
slum in Lahore, Pakistan. Despite its name, the genetic algorithm used in the present study
refers to a computational optimization technique inspired by evolutionary processes rather
than genetic or molecular data. By efficiently selecting a subset of relevant features, this
approach may help us to identify context-specific clinical and sociodemographic patterns as-
sociated with tuberculosis and malnutrition during standardized community-based clinical
assessments. Beyond prioritizing informative variables, the proposed analytical framework
provides an interpretable and scalable approach that may support clinical decision-making
and evidence-based public health planning in vulnerable pediatric populations.

2. Materials and Methods
2.1. Study Design

A community-based analytical cross-sectional study with embedded structured field
observations was conducted over a six-month period (March–August 2024). This design
was selected to assess a defined population at a single point in time and to characterize the
interaction between socioeconomic conditions and child health outcomes. Quantitative
assessments, including clinical, anthropometric and sociodemographic data, were com-
bined with an explanatory triangulation approach, whereby field observations were used
to contextualize quantitative patterns of malnutrition and TB among children under five
years of age.

Field observations followed a pre-specified checklist covering key environmental
health domains, including water access and sanitation, solid waste disposal, household
crowding and ventilation, and hygiene behaviors. Observers received standardized train-
ing and pilot instruction before data collection. Due to the cross-sectional nature of the
study, temporal relationships and causality could not be established. As recruitment was
conducted between March and August in a setting characterized by seasonal migration
and disease variation, potential seasonal effects were minimized by distributing enrolment
evenly across all study months and recording the month of assessment for adjustment in
analyses when applicable.

2.2. Study Setting

The study was conducted in Rachna Town, an informal urban settlement located on
the outskirts of Lahore, Pakistan, characterized by high population density, limited primary
healthcare coverage, suboptimal sanitation and widespread poverty. According to gov-
ernment records, a substantial proportion of residents are internally displaced individuals
originating from the former Federally Administered Tribal Areas, with seasonal mobility
associated with informal employment.

The site was purposefully selected based on the following operational criteria: (i) Re-
ports from nearby primary healthcare units indicating high notification rates of presumed
and confirmed TB among children and adults; (ii) extensive household crowding and poor
ventilation; (iii) limited access to safe water and sanitation infrastructure; and (iv) feasibility
of sustained community engagement. Within the accessible catchment area, the study
included the majority of children under five years of age attending community screening
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activities during the study period, thereby enhancing the internal validity of the findings
within this setting. Although external validity is naturally limited to comparable informal
urban settlements with similar structural vulnerabilities, the mechanisms examined in the
present study, including overcrowding, hygiene and healthcare access, are common across
similar environments, supporting analytical transferability.

2.3. Sample Selection

The study population comprised children under five years of age residing in Pathan
Colony, Rachna Town, a settlement predominantly inhabited by migrant families who
temporarily relocate during winter. Although household mobility is common, most families
remain in the area between March and August, allowing stable recruitment throughout the
study period.

A total of 300 children were enrolled. The sample size was determined pragmatically
from a preliminary community census identifying ~360 eligible children under five years
of age; therefore, the final sample represented >80% of the accessible population. Although
a formal power calculation was not required due to the census-based design, a posteriori
estimation indicated that 200 participants would provide 80% power (α = 0.05) to detect
moderate effects (Cohen’s h = 0.5); therefore, the final sample size exceeded this threshold.

As probability sampling was not feasible due to the transient nature of the population,
participants were recruited consecutively from all households meeting the inclusion criteria:
(i) Age < 5 years; and (ii) residence in Rachna Town for at least one month before enrolment.
Exclusion criteria included age ≥ 5 years and lack of parental or guardian consent. The
one-month residence criterion ensured recent exposure to local environmental conditions
without excluding short-term settlers, who are common within this community. Although
sampling was non-probabilistic, the approach achieved broad population coverage and
minimized selection bias within the study context.

2.4. Data Collection Tools
2.4.1. Community Health Profiling

To characterize the environmental and socioeconomic context, a structured community
health checklist was developed based on WHO and United Nations Children’s Fund field-
assessment frameworks and reviewed by three senior public health experts to ensure
content validity. The instrument included information on household composition, access to
clean water, sanitation facilities, housing materials, waste disposal and household crowding.
The checklist was piloted in 10 households to ensure clarity and inter-observer reliability
(κ > 0.80).

Data were obtained through direct non-participant observation and brief interviews
with household members, with immediate recording in structured forms to minimize
observer bias. Field data collection was performed by trained community health workers
under continuous supervision by a senior investigator to ensure procedural consistency
and quality control.

2.4.2. Screening and Clinical Examination

All children under five years of age residing in the study area underwent screening and
clinical examination after written informed consent had been obtained from parents or legal
guardians. Examinations were performed at temporary community health posts within the
settlement by qualified pediatric healthcare professionals following the WHO Integrated
Management of Childhood Illness guidelines and national pediatric assessment standards.

Clinical evaluation included body temperature, respiratory rate, signs of dehydration,
lymphadenopathy, cough, respiratory distress, skin and hair changes, and anthropometric
indicators, including weight, height and mid-upper arm circumference. All findings were
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recorded using pre-tested case report forms translated into Urdu and Pashto to ensure
comprehension and completeness.

2.5. Data Collection
2.5.1. Disease Frequency and Nutritional Status Assessment

The prevalence of common morbidities, including respiratory infections, diarrheal dis-
ease and dermatological conditions, together with nutritional status, was assessed through
standardized clinical and anthropometric evaluations. Anthropometric measurements
included weight, height or length, mid-upper arm circumference and head circumference
using calibrated equipment.

All anthropometric data were converted into Z-scores (weight-for-age, height-for-age
and weight-for-height) according to the WHO Child Growth Standards (2006) [18]. Chil-
dren presenting any anthropometric index below −2 standard deviations were classified
as malnourished.

Clinical examinations documented nutritional signs and morbidity patterns. Labora-
tory investigations included complete blood count, erythrocyte sedimentation rate (ESR),
chest radiography and stool examination. Bacillus Calmette-Guérin (BCG) vaccination
status was confirmed through inspection of vaccination scars and verification of medical
records, with medical records prioritized in cases of discrepancy. All procedures followed
established pediatric field guidelines [11] and WHO malnutrition assessment protocols and
were performed by trained healthcare professionals under pediatric supervision.

2.5.2. Diagnosis of Tuberculosis

TB screening was performed using the Kenneth John Scoring System (KJSS), which
evaluates ten clinical features commonly associated with pediatric TB, adapted from Ken-
neth John et al. [19] and previously validated in pediatric screening settings. Each feature
was scored according to standardized criteria, whereby scores of 1–2 indicated TB unlikely,
scores of 3–4 required clinical observation and scores ≥ 5 indicated a high likelihood of
TB. Children with scores ≥ 3 were referred for confirmatory evaluation, including chest
radiography and tuberculin skin testing.

Chest radiographs were independently interpreted by two radiologists blinded to the
clinical data, and discordant findings were adjudicated by a pediatric TB specialist. Final
TB diagnosis was established through comprehensive clinical evaluation and specialist
review according to WHO recommendations for childhood TB management.

2.5.3. Anthropometric Measurements and Classification

Anthropometric measurements were obtained according to standardized WHO proce-
dures [18]. Measurements included weight, height or length, mid-upper arm circumfer-
ence and occipital-frontal circumference, the latter being assessed only in children under
24 months of age. Weight and height measurements were obtained in duplicate using
calibrated instruments, and average values were recorded. Technical error of measurement
thresholds remained below accepted standards.

Anthropometric data were converted into Z-scores according to the WHO Child
Growth Standards (2006) [20]. Children were subsequently classified as normal, moder-
ately malnourished or severely malnourished according to the lowest Z-score among the
evaluated indices.

2.6. Training of Data Collectors

All data collectors participated in a three-day intensive training workshop cover-
ing study objectives, ethical procedures, standardized anthropometric techniques and
TB screening procedures. Pilot testing and supervised role-playing sessions were con-
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ducted, and competence was verified through post-training evaluation requiring at least
90% concordance with reference measurements.

2.7. Quality Control and Assurance

Quality assurance procedures included daily review of completed forms, random re-
peat measurements in 10% of participants and double data entry with cross-validation. Any
discrepancies were resolved through comparison with the original records, and datasets
were finalized only after complete verification.

2.8. Data Analysis

Descriptive statistics were used to summarize sociodemographic characteristics, nutri-
tional indicators and TB prevalence. Group comparisons were performed using chi-square
or Fisher’s exact tests, as appropriate.

Predictive modelling was performed using a two-stage machine-learning framework.
First, a Genetic Algorithm (GA) was applied as an optimization and feature-selection
technique to identify the subset of variables with the greatest predictive relevance. Sub-
sequently, the selected variables were used to train a supervised Random Forest (RF)
classifier, in which the predefined outcome variables (nutritional status and tuberculosis
status) served as class labels. Thus, the RF represented the supervised learning component
of the analytical framework, whereas the GA was used exclusively for feature selection and
optimization before model construction.

Because the outcome variables were known a priori, the Random Forest classifier
was trained and internally validated using a supervised learning approach. Model per-
formance was assessed by 10-fold cross-validation using accuracy, sensitivity, specificity,
Cohen’s kappa coefficient, and the area under the receiver operating characteristic curve
(ROC-AUC).

The objective of the predictive models was to identify the combination of routinely
collected clinical, anthropometric, laboratory, radiological, and sociodemographic variables
providing the highest discriminatory performance within a standardized community-based
clinical assessment, rather than to develop a pre-diagnostic screening algorithm based
exclusively on baseline information available before clinical evaluation. Accordingly, the
proposed framework should be interpreted as an analytical tool for identifying clinically
relevant patterns within the overall assessment process, rather than as an early screening
model intended for use before diagnostic investigations. The complete analytical workflow
is summarized in Figure 1.

2.9. Ethical Considerations

The study protocol was reviewed and approved by the Institutional Research Com-
mittee (IRC) of Green International University (GIU), Lahore, Pakistan (Approval No.
IRC-GIU-160-09-2024; 5 September 2024). All study procedures were conducted in ac-
cordance with the ethical principles of the Declaration of Helsinki and complied with
institutional ethical standards for research involving human participants. Written informed
consent was obtained from the parents or legal guardians of all participating children before
enrolment. Participant privacy and confidentiality were strictly maintained throughout
the study by anonymizing all collected data and restricting access to authorized research
personnel only. Community feedback sessions were conducted following completion of
data collection to communicate the main findings and promote community engagement.
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Figure 1. Study workflow and machine-learning framework for predicting malnutrition and tuber-
culosis among under-five migrant children. The analytical pipeline comprised community-based
clinical assessment, data preprocessing, feature selection using a Genetic Algorithm (GA), supervised
classification with a Random Forest (RF) algorithm, and internal model validation by 10-fold cross-
validation. Model performance was evaluated using accuracy, sensitivity, specificity, Cohen’s kappa
coefficient, and the area under the receiver operating characteristic curve (ROC-AUC). The workflow
illustrates that the predictive models were developed using routinely collected information obtained
during a standardized community-based clinical assessment, rather than solely baseline variables
available before clinical evaluation.

3. Results
3.1. Observational Findings

Field observations documented marked environmental deprivation and precarious living
conditions in Rachna Town. Most households lacked reliable access to clean water, adequate
sanitation and organized waste disposal systems. Open drainage channels and accumulated
solid waste were frequently observed near residential areas. Household overcrowding was
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common, with multiple family units often sharing a single poorly ventilated room, conditions
known to facilitate the transmission of respiratory and gastrointestinal infections.

Observational data were collected using structured field checklists and independently
verified by two trained observers to improve consistency. Children frequently presented
with respiratory symptoms, diarrheal episodes, skin lesions and visible clinical signs of
malnutrition, including muscle wasting and stunting. Caregivers, primarily mothers,
commonly reported chronic fatigue, anemia and limited access to preventive healthcare
services, including routine childhood immunization.

Seasonal migration patterns were also reported to disrupt continuity of healthcare and
clinical follow-up, contributing to incomplete vaccination schedules and delayed recognition
and management of infectious diseases. These qualitative observations were consistent with
the quantitative clinical and laboratory findings and provided contextual support for the
subsequent analyses of malnutrition and TB presented in the following sections.

3.2. Sociodemographic Characteristics

A total of 300 children under five years of age were included in the analysis, of
whom 269 (89.7%) were classified as malnourished and 31 (10.3%) as well nourished
(Tables 1 and 2). No eligible participants were excluded due to missing data.

Table 1. Sociodemographic characteristics of malnourished children under 5 years (n = 269).

Characteristic Frequency (n) Percentage (%) Statistical Comparison (p)

Age (months)

<12 months 56 20.8

χ2 = 1.56; p = 0.2112–36 months 107 39.8

36–60 months 106 39.4

Gender

Male 136 50.6
χ2 = 0.22; p = 0.64

Female 133 49.4

Father’s Education

Not educated 264 98.5
Fisher = 0.33

Educated 4 1.5

Mother’s Education

Not Educated 269 100
— (all not educated)

Educated 0 0

Father’s Occupation

Unskilled worker 4 1.7

Fisher = 0.27Skilled worker 225 97.4

Not alive 2 0.9

Mother’s Occupation

Housewife 267 99.3
— (all housewives)

Unskilled worker 2 0.7
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Table 1. Cont.

Characteristic Frequency (n) Percentage (%) Statistical Comparison (p)

Socio-economic Status

Lower 132 49.1

Fisher = 0.78
Middle 130 48.3

Upper middle 6 2.2

Upper 1 0.4

Abbreviations = χ2: Chi-square; <: less than.

Table 2. Sociodemographic characteristics of well-nourished children under 5 years (n = 31).

Characteristic Frequency (n) Percentage (%) Statistical Comparison (p)

Age (months)

<12 months 4 12.9

χ2 = 1.56; p = 0.2112–36 months 13 41.9

36–60 months 14 45.2

Gender

Male 17 54.8
χ2 = 0.22; p = 0.64

Female 14 45.2

Father’s Education

Not educated 29 93.5
Fisher = 0.33

Educated 1 3.2

Mother’s Education

Not Educated 31 100
— (all not educated)

Educated 0 0

Father’s Occupation

Unskilled worker 2 7.4
Fisher = 0.27

Skilled worker 25 92.6

Mother’s Occupation

Housewife 31 100
— (all housewives)

Unskilled worker 0 0

Socio-economic Status

Lower 16 51.6

Fisher = 0.78
Middle 14 45.2

Upper middle 1 3.2

Upper 0 0.0

Abbreviations = χ2: Chi-square; <: less than.

Age distribution was comparable between groups. Most children were aged ≥12 months
(malnourished, 79.2% vs. well nourished, 87.1%), with no statistically significant differences
between groups (χ2 = 1.56; p = 0.21). Sex distribution was also balanced, with males
representing 50.6% of the malnourished group and 54.8% of the well-nourished group
(χ2 = 0.22; p = 0.64).
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Parental education levels were uniformly low across both groups. Nearly all fathers
were uneducated (malnourished, 98.5% vs. well nourished, 93.5%; Fisher’s exact test,
p = 0.33), and all mothers in both groups reported no formal education. Fathers were
predominantly skilled laborers (malnourished, 97.4% vs. well nourished, 92.6%; Fisher’s
exact test, p = 0.27), whereas almost all mothers identified as housewives.

Socioeconomic status was similarly distributed between groups, with >95% of families
classified within the lower or middle socioeconomic strata (Fisher’s exact test, p = 0.78).
No statistically significant differences were observed for any sociodemographic variable
examined (all p > 0.05).

Overall, the malnourished and well-nourished cohorts were demographically com-
parable, reducing the likelihood that subsequent findings were confounded by baseline
sociodemographic differences.

3.3. Feature Selection Using the Genetic Algorithm

A Genetic Algorithm (GA) was implemented to evaluate 48 clinical, 48 clinical, an-
thropometric, laboratory, radiological, and sociodemographic variables according to their
discriminatory value for nutritional status classification. The algorithm evolved over
100 generations, with each generation producing 10 candidate models. Crossover and
mutation probabilities were set at 0.8 and 0.1, respectively, to balance exploratory diversity
and convergence stability.

The fitness function was designed to maximize overall classification accuracy using
10-fold cross-validation. To reduce the risk of overfitting, the evolutionary search process
was terminated after five consecutive generations without performance improvement. The
GA was combined with a Random Forest (RF) classifier consisting of 500 trees, which
served as the supervised classification algorithm.

Model performance was primarily assessed using accuracy and Cohen’s kappa, com-
plemented by sensitivity, specificity and the area under the receiver operating characteristic
curve (ROC-AUC) to evaluate discrimination and class balance. Across 1000 candidate
models, the GA consistently retained a subset of clinical, anthropometric, laboratory, radio-
logical, and sociodemographic informative variables that provided the highest classification
performance for nutritional status classification. The most consistently selected informative
variables included BCG vaccination status, formula feeding, chest X-ray findings, gastroin-
testinal symptoms, and anthropometric indicators, which were subsequently used to train
the RF classifier.

The final GA-selected model comprised 16 informative variables spanning clinical
signs, systemic conditions, anthropometric indices, and selected sociodemographic char-
acteristics. This dimensionality reduction, from 48 candidate variables to 16 informative
variables, substantially improved model interpretability while maintaining stable internal
classification performance. A detailed description of the selected informative variables and
their clinical relevance is presented in Table 3.

Table 3. Detailed description of Genetic Algorithm selected predictors for nutritional status and their
clinical relevance.

Variable Description Relevance to Nutritional Status

Intermittent Symptoms Periodic or recurrent manifestations
of illness or feeding disruption.

Recurring infections or inconsistent food intake can
directly affect a child’s capacity to maintain adequate
nutritional status, making this a key early predictor.

Dehydration
Clinical signs of fluid loss, often
observed during diarrhoeal or

febrile episodes.

Dehydration during illness can rapidly deteriorate
nutritional status, especially in malnourished children,

increasing the risk of severe clinical outcomes.
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Table 3. Cont.

Variable Description Relevance to Nutritional Status

Cyanosis
Bluish discoloration of the

skin caused by
insufficient oxygenation.

Indicates impaired oxygen transport; may signal severe
systemic disease or complications frequently associated

with advanced malnutrition.

Dyspigmentation Abnormal changes in
skin pigmentation.

Serves as a visible marker of nutritional deficiencies,
particularly in essential micronutrients such as zinc

and vitamin A.

Gastrointestinal Symptoms Includes vomiting, diarrhoea, or
abdominal pain.

Reflects impaired nutrient absorption and chronic
gastrointestinal disturbances that can lead to or

worsen malnutrition.

Respiratory Symptoms Cough, shortness of breath, or
difficulty breathing.

Frequent respiratory infections are common in
malnourished children and may further compromise

growth and overall health.

ESR Laboratory test measuring systemic
inflammation or infection.

Elevated ESR reflects inflammatory stress and infection
burden, both of which exacerbate nutritional decline.

Chest X-ray Findings Radiological assessment of
pulmonary and systemic pathology.

Identifies respiratory or systemic diseases such as TB or
pneumonia, which are closely associated with

malnutrition in children.

Kenneth John Scoring System Clinical scoring tool for
pediatric malnutrition.

Quantifies malnutrition severity based on observable
physical signs and symptoms; useful for standardized

field assessment.

Age Category Classification of the child’s
age group.

Younger children are more susceptible to malnutrition
due to higher metabolic needs and greater vulnerability

to infection.

Weight Category Classification of weight-for-age or
weight-for-height percentile.

Direct anthropometric indicator of nutritional status;
underweight values reflect chronic or

acute malnutrition.

MUAC Anthropometric measure of muscle
and fat stores.

Sensitive indicator of acute malnutrition; low MUAC
values strongly correlate with wasting and

increased morbidity.

Father’s Education Educational attainment of the
child’s father.

Higher paternal education is associated with better
awareness of nutritional needs and access to

healthcare services.

Mother’s Education Educational attainment of the
child’s mother.

Maternal education is a key determinant of feeding
practices, hygiene behaviors, and early

healthcare-seeking actions.

Father’s Occupation Employment type or economic
activity of the father.

Economic stability derived from the father’s occupation
influences food availability, living conditions, and

child well-being.

Abbreviations = ESR = Erythrocyte Sedimentation Rate; MUAC = Mid-Upper Arm Circumference; TB: Tuber-
culosis. Note = Variables are ordered by clinical relevance and category (clinical, systemic, anthropometric,
sociodemographic).

3.4. Model Performance and Variable Importance

The GA-RF hybrid model demonstrated stable internal classification performance.
Preliminary tuning across pilot runs ranging from 50 to 200 generations indicated stable
convergence at 100 generations, with optimal exploration achieved using a crossover
probability of 0.8 and a mutation probability of 0.1. The fitness function jointly maximized
accuracy, Cohen’s kappa and the area under the receiver operating characteristic curve
(ROC-AUC) under 10-fold cross-validation, thereby reducing potential bias associated with
class imbalance (malnourished, ~90%; well nourished, ~10%).
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The RF classifier, consisting of 500 trees, was optimized by tuning the mtry parameter,
corresponding to the number of informative variables randomly sampled at each node
split, across a range of values from 2 to 12. The configuration minimizing the out-of-
bag error was selected for the final model. This hybrid GA-RF approach has previously
been applied in biomedical feature-selection studies and provides an appropriate balance
between interpretability and classification performance.

Permutation-based variable importance analysis confirmed the stability of feature
rankings (p < 0.01). Variable importance was quantified using both Mean Decrease Ac-
curacy and Mean Decrease Gini indices and is summarized in Table 4. The Kenneth
John Scoring System (KJSS) emerged as the most influential predictor (Mean Decrease
Gini = 7.32), followed by chest X-ray findings, erythrocyte sedimentation rate (ESR), and
weight category. Together, these variables highlight the importance of clinical assessment,
systemic inflammation, radiological findings, and growth impairment in the classification
of nutritional status within the proposed analytical framework.

Table 4. Variable importance for the nutritional-status Random Forest (RF) model (Mean Decrease
Accuracy and Mean Decrease Gini).

Variable Mean Decrease
Accuracy

Mean Decrease
Gini Interpretation

Kenneth John
Scoring System 0.0313 7.3233

Highly relevant composite score summarizing
disease severity; markedly enhances

model accuracy.

Erythrocyte
Sedimentation Rate −0.0122 5.9415 Inflammatory biomarker indicating nutritional

depletion and infection burden.

Weight Category 0.0212 4.9672
Anthropometric indicator reflecting underweight

and growth faltering; moderate
predictive contribution.

Chest X-ray Findings 0.0269 4.2972 Reflects pulmonary or systemic infection; strongly
associated with morbidity linked to malnutrition.

Age Category 0.0073 2.7512 Captures age-related vulnerability to nutritional
deficits; modest but relevant effect.

Mid-Upper Arm
Circumference 0.0013 2.5279 Sensitive anthropometric marker of acute

malnutrition; consistent positive association.

Father’s Education −0.0007 0.5238 Slight negative effect; limited predictive value due
to low variability.

Gastrointestinal Issues −0.0000 0.4074 Weak, context-dependent effect; contributes
minimally to classification accuracy.

Respiratory Signs 0.0010 1.3422 Marginal impact on model performance; may add
noise to predictive power.

Father’s Occupation −0.0026 1.1094 Negative contribution, suggesting low relevance
for nutritional prediction.

Intermittent Symptoms −0.0005 0.3046 Minimal contribution to discrimination;
low prediction.

Dehydration 0.0003 0.1522 Represents acute physiological stress and
inadequate fluid intake; minor positive influence.

Cyanosis 0.0003 0.1441
Indicator of hypoxia and severe systemic
compromise; limited but physiologically

meaningful relevance.
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Table 4. Cont.

Variable Mean Decrease
Accuracy

Mean Decrease
Gini Interpretation

Mother’s Education 0.0000 0.0244 No measurable impact on classification; reflects
homogeneity in educational background.

Dyspigmentation 0.0000 0.0000 Not a significant predictor; negligible influence
on classification.

Note = Importance values were normalized to facilitate comparison across predictors. Variables are ordered by
overall importance (Mean Decrease Gini).

By contrast, sociodemographic variables, including parental education and occupa-
tion, exhibited negligible or negative importance values, suggesting limited contribution
to classification performance after incorporation of clinical, anthropometric, laboratory,
and radiological indicators. Negative Mean Decrease Accuracy values reflected unstable
or redundant contributions rather than true inverse associations. Collectively, these find-
ings support the internal consistency of the GA-RF framework for identifying clinically
relevant patterns associated with malnutrition and suggest that biological and functional
indicators exert a stronger influence than sociodemographic factors within this highly
deprived population.

3.5. Summary Interpretation

The GA-RF framework identified a concise and clinically interpretable subset of
predictors that demonstrated high internal validity, with an overall accuracy of 0.956,
Cohen’s kappa of 0.882 and a ROC-AUC of 0.97. These performance metrics indicated
strong internal discrimination and agreement despite the marked class imbalance within
the study population.

Clinical indicators such as dehydration, cyanosis, ESR and abnormal chest X-ray
findings emerged as relevant markers of physiological deterioration associated with malnu-
trition. Together with the KJSS, these variables reflected the multidimensional interaction
between infection, inflammation, and nutritional depletion within the standardized clini-
cal assessment.

Although internal classification performance was high, the absence of external val-
idation requires cautious interpretation of the findings. Therefore, the results should be
considered exploratory and hypothesis-generating rather than diagnostic. Nevertheless,
the analysis demonstrated that routinely collected clinical and anthropometric variables,
without dependence on advanced laboratory infrastructure, may effectively discriminate
nutritional status in community-based settings with limited resources.

Overall, these findings highlight the potential utility of the GA-RF approach as an
analytical and decision-support framework for identifying clinically relevant patterns in
vulnerable populations while acknowledging the methodological limitations inherent to
internal validation.

3.6. Predictive Modeling for Tuberculosis Status

A second GA-RF model was developed to classify TB status using the same computa-
tional framework described for nutritional status. The algorithm evaluated 52 candidate
variables encompassing clinical signs, anthropometric indicators, sociodemographic char-
acteristics and laboratory parameters (Table 5). After 100 generations, with 10 candidate
models generated per generation, 18 informative variables were retained in >50% of itera-
tions, yielding stable internal discrimination.
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Table 5. Detailed description of the predictive variables identified by the Genetic Algorithm and their
relevance to tuberculosis status.

Variable Description Relevance to TB Status

Mother’s Occupation Type of maternal employment
or domestic role.

The mother’s occupation can influence household
income and access to healthcare, which in turn
affects TB prevention and treatment adherence.

Shortness of Breath
Clinical symptoms reflecting

respiratory distress or
difficulty breathing.

May indicate respiratory complications or
infections such as TB, highlighting pulmonary

involvement and potential disease severity.

Temperature
Body temperature

measurement recorded during
clinical evaluation.

Elevated temperature can indicate active infection,
including TB, and is critical for early diagnosis and

monitoring of treatment response.

Dehydration

Clinical sign of fluid loss,
commonly associated with

diarrhoeal or
febrile conditions.

Dehydration can complicate TB treatment and
recovery, particularly when coexisting with other

infections or systemic inflammation.

Skin Condition Observations of skin integrity,
pigmentation, or lesions.

Reflects general nutritional and immune status,
which are important for TB prognosis and

response to therapy.

Clubbing Enlargement of fingertips or
toes due to chronic hypoxia.

May be associated with long-term pulmonary
disease, including advanced TB, and indicates

severity of respiratory compromise.

Dyspigmentation Abnormal changes in skin
pigmentation.

Can suggest underlying metabolic or nutritional
disturbances that may co-occur with TB or impact

its progression.

Respiratory Symptoms
Presence of cough, sputum

production, or
breathing difficulty.

Core indicator of pulmonary TB; frequency and
duration of symptoms can support

clinical diagnosis.

ESR
Laboratory test indicating

systemic inflammation
or infection.

Elevated ESR is a strong indicator of active TB and
reflects inflammatory activity related to

disease burden.

Platelet Count Quantitative measure of
blood platelets.

Altered platelet levels can occur in TB due to
immune activation or chronic inflammation,

reflecting disease progression or severity.

Chest X-ray Findings Radiological observations
from thoracic imaging.

Critical diagnostic indicator for pulmonary TB,
revealing infiltrates, lesions, or cavitations typical

of infection.

BCG Vaccination Score
Record of Bacillus
Calmette–Guérin

vaccination status.

Indicates prior immunization against TB; helps
interpret susceptibility and potential

protection level.

Kenneth John Scoring System Clinical scoring system for
pediatric TB and malnutrition.

Assigns points based on ten clinical features
commonly associated with TB; useful for case

identification in resource-limited settings.

Age Category
Classification of the child’s age

into standard
developmental groups.

Younger children show higher vulnerability to TB
due to immature immune defenses and increased

exposure risks.

Weight Category
Classification of the child’s

weight-for-age or
weight-for-height percentile.

Weight loss or underweight status may reflect
chronic infection and nutritional depletion

linked to TB.
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Table 5. Cont.

Variable Description Relevance to TB Status

Height Category Classification of
height-for-age percentile.

Growth impairment is a common consequence of
chronic TB and indicates prolonged

disease impact.

MUAC Anthropometric measure of
muscle and fat mass.

Low MUAC identifies malnutrition, which
worsens TB outcomes by impairing immune

function and recovery capacity.

Father’s Education Educational level of the
child’s father.

Higher paternal education may be associated with
better awareness of TB symptoms and improved

treatment compliance.

Mother’s Education Educational level of the
child’s mother.

Maternal education influences health-seeking
behavior and awareness of TB prevention and

management practices.

Father’s Occupation Type of employment or labor
performed by the father.

Economic stability associated with the father’s
occupation may affect household exposure, living

conditions, and access to care.

Haemoglobin Records Blood test result indicating
hemoglobin levels.

Low hemoglobin levels (anemia) are frequently
observed in TB patients and correlate with disease

severity and poor prognosis.
Abbreviations = BCG = Bacillus Calmette–Guérin; ESR = Erythrocyte Sedimentation Rate; MUAC = Mid-Upper Arm
Circumference; TB = Tuberculosis. Note = Variables are ordered by their clinical category (sociodemographic,
clinical, anthropometric, laboratory) and their relative importance within the GA–RF model.

This dimensionality reduction, from 52 to 18 informative variables, substantially im-
proved model interpretability while maintaining strong internal classification performance
(accuracy = 0.94; Cohen’s kappa = 0.86; ROC-AUC = 0.96). The retained informative
variables primarily reflected the infection-inflammation profile characteristic of active TB.

Key informative variables included chest X-ray findings, ESR, body temperature,
shortness of breath and haemoglobin (HB) levels, indicating the central role of respiratory
involvement, systemic inflammation and haematological impairment in TB classification.
Anthropometric indicators, including weight, height and mid-upper arm circumference
categories, retained moderate importance, supporting the close relationship between nutri-
tional status and susceptibility to TB.

By contrast, sociodemographic variables, including parental education and maternal
occupation, exhibited limited contribution to classification performance after incorporation
of clinical and physiological indicators. Permutation testing confirmed the stability of the
retained informative variables (p < 0.01).

As with the nutritional-status model, the TB classification framework should be in-
terpreted as exploratory and internally validated. Nevertheless, these findings highlight
the potential of low-cost analytical approaches integrating routine clinical and anthro-
pometric information to support standardized community-based clinical assessment in
resource-constrained settings.

3.7. Variable Importance in the TB Model

The variable-importance rankings for the TB RF model are presented in Table 6.
Importance estimates were averaged across 10-fold cross-validation runs and normalized
to a maximum value of 1.0 to facilitate direct comparison among informative variables.
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Table 6. Variable importance for the tuberculosis-status Random Forest model (Mean Decrease
Accuracy and Mean Decrease Gini).

Variable Mean Decrease
Accuracy

Mean Decrease
Gini Interpretation

BCG Vaccination Score 0.0833 30.5700 Strongest predictor; highlights the importance
of vaccination in TB susceptibility.

Kenneth John
Scoring System 0.0420 17.1530 Composite clinical score integrating multiple

features; robust predictor of TB severity.

Haemoglobin Records 0.0090 13.0033 Relevant biomarker; anaemia is a common
comorbidity in TB.

Chest X-ray Findings 0.0080 9.9530 Crucial diagnostic indicator confirming
pulmonary TB.

ESR 0.0200 8.7601 Elevated ESR denotes systemic inflammation
typical of active TB.

Platelet Count 0.0040 2.6986 Reflects immune activation and chronic
infection status.

Age Category 0.0010 0.5612 Slight positive effect; younger age increases
susceptibility.

Mid-Upper Arm
Circumference 0.0000 0.5032 Indicates nutritional depletion influencing

infection risk.

Father’s Occupation 0.0000 0.2766 Slight indirect effect through
socioeconomic pathways.

Father’s & Mother’s
Education 0.0000 0.0000 Minimal relevance; low variability within

the dataset.

Temperature 0.0000 0.0520 Suggests febrile response but limited
predictive power.

Respiratory Symptoms 0.0000 0.0506 Associated with TB but redundant due to
overlap with other clinical variables.

Dehydration 0.0000 0.0100 Minor influence; reflects disease burden rather
than diagnostic specificity.

Abbreviations = BCG: Bacillus Calmette–Guérin; ESR = Erythrocyte Sedimentation Rate. Note = Importance values
were normalized to facilitate comparison across predictors. Variables are ordered by overall importance (Mean
Decrease Gini).

The BCG vaccination score emerged as the most influential informative variable associ-
ated with TB classification (Mean Decrease Gini = 30.57; Mean Decrease Accuracy = 0.083),
followed by the KJSS (Mean Decrease Gini = 17.15; Mean Decrease Accuracy = 0.042), HB
records (13.00; 0.009), chest X-ray findings (9.95; 0.008) and ESR (8.76; 0.020). Collectively,
these five variables accounted for >80% of the total model importance, reflecting the biolog-
ical interaction between infection, inflammation and immune-nutritional impairment in
pediatric TB.

The relative importance of the variables selected by the Genetic Algorithm for both
Random Forest classification models is graphically presented in Figure 2. This visualiza-
tion complements the numerical information reported in Tables 4–6 and facilitates the
interpretation of the relative contribution of the most influential informative variables for
malnutrition and tuberculosis classification.

https://doi.org/10.3390/joma3020016

https://doi.org/10.3390/joma3020016


J. Oman Med. Assoc. 2026, 3, 16 17 of 26

Figure 2. Relative importance of the variables selected by the Genetic Algorithm for the Random
Forest prediction models. Relative variable importance was estimated using the Mean Decrease Gini
index. Panel (A) shows the variables contributing to the prediction of nutritional status, whereas Panel
(B) presents the variables contributing to the prediction of tuberculosis. Higher Mean Decrease Gini
values indicate a greater contribution of the corresponding predictor to the classification performance
of the Random Forest models.

Lower-ranking informative variables, including platelet count, mid-upper arm cir-
cumference and age category, contributed modestly to model discrimination. By contrast,
sociodemographic variables such as parental education and occupation exhibited near-zero
or negative importance scores, indicating limited contribution to classification performance
after incorporation of direct clinical and laboratory indicators. The consistency of rank-
ings across both Mean Decrease Gini and Mean Decrease Accuracy metrics supports the
internal stability of feature weighting within the RF framework. Overall, the variable-
importance profile delineated a multivariate TB signature predominantly characterized by
immune-inflammatory and respiratory indicators, whereas socioeconomic factors showed
comparatively limited contribution within this highly homogeneous population.

3.8. Data Completeness and Class Balance

Missing data were minimal across all variables, with <3% missingness per variable.
Incomplete records were handled through listwise exclusion, resulting in a final analyt-
ical sample of 300 children. Exclusion of incomplete cases did not materially alter class
proportions or the distribution of key variables.

The nutritional-status dataset exhibited moderate class imbalance, with 269 children
classified as malnourished (89.7%) and 31 classified as well nourished (10.3%). To address
this imbalance, internal validation procedures incorporated stratified resampling, and
Cohen’s kappa coefficient was prioritized as the principal performance metric to account
for agreement beyond chance.

For the exploratory TB classification model, performance evaluation focused on in-
ternal discrimination and feature-importance metrics. The GA-RF model achieved high
internal accuracy (0.94), substantial agreement (kappa = 0.86) and strong discriminatory
capacity (ROC-AUC = 0.96). Given the absence of an external validation cohort, these
estimates are presented as indicators of internal classification performance rather than
externally generalizable model performance.
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Overall, the procedures used to address data completeness and class imbalance sup-
ported the internal validity of the analytical framework and provided an appropriate basis
for the subsequent robustness and diagnostic analyses.

3.9. Model Diagnostics and Robustness

A comprehensive series of diagnostic analyses was conducted to evaluate the internal
robustness and stability of the GA-RF models.

Permutation importance analysis was used to assess the consistency of variable-
importance rankings in both the nutritional and TB frameworks. Across 1000 permutations,
the five most influential informative variables [FD, KJSS, chest X-ray findings, ESR and
weight category for nutritional status; BCG vaccination score, chest X-ray findings, KJSS,
ESR and HB records for TB] maintained >85% concordance with the original rankings (ran-
domization test, p < 0.01), supporting the reproducibility of the feature-selection process.

Feature stability was further evaluated using bootstrap resampling (1000 replicates). In
total, 12 of the 16 variables retained in the nutritional model and 13 of the 18 variables retained
in the TB model were selected in >75% of bootstrap iterations, indicating a high degree of
internal consistency and low selection variability within the GA optimization process.

To assess potential multicollinearity, variance inflation factors (VIFs) were calculated
for all continuous and ordinal predictors. No variable exceeded a VIF threshold of 5,
suggesting that inter-variable correlations did not materially influence model estimates or
variable-importance rankings.

Model calibration was evaluated by comparing predicted and observed probabilities
and by calculating the Brier score. The nutritional model achieved a Brier score of 0.06,
indicating good calibration with slight overestimation at predicted probabilities >0.9. The
TB model demonstrated a comparable calibration pattern (Brier score = 0.07), suggesting
acceptable probability scaling despite the absence of external validation.

Sensitivity analyses were performed to evaluate model robustness following removal
of influential predictors. Exclusion of the FD variable from the nutritional model resulted
in a moderate reduction in performance (accuracy = 0.91; Cohen’s kappa = 0.76; ROC-
AUC = 0.93), indicating that FD contributed substantial, although not exclusive, predictive
information. Similarly, removal of the KJSS variable from the TB model reduced the ROC-
AUC by 0.04 without altering the overall hierarchy of the remaining predictors, supporting
the complementary contribution of individual features.

Overall, these diagnostic analyses indicated that the GA-RF models demonstrated sta-
ble internal performance, consistent feature selection and adequate calibration. Although
external validation remains necessary, the internal findings suggest that the analytical
framework was methodologically coherent and not substantially overfitted to the avail-
able data.

3.10. Comparative Interpretation and Clinical Implications

Comparative evaluation of the two GA-RF classification frameworks revealed conver-
gent patterns in feature selection and relative variable importance, highlighting the close
biological interdependence between malnutrition and TB within this population.

In both frameworks, markers of systemic inflammation such as erythrocyte sedimen-
tation rate (ESR), composite clinical scores such as the Kenneth John Scoring System (KJSS),
and radiological findings, particularly chest X-ray abnormalities, consistently ranked
among the most influential informative variables. These variables reflect overlapping
pathophysiological mechanisms, including chronic infection, immune activation, and tis-
sue catabolism, which are central to both nutritional deterioration and TB progression.
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The additional contribution of haemoglobin (HB) levels further emphasizes the role of
haematological impairment within this infection–nutrition continuum.

By contrast, sociodemographic variables, including parental education and occupation,
contributed minimally to both classification frameworks. This finding is consistent with
the relative homogeneity of socioeconomic deprivation within the study setting, where
limited variability may reduce the contribution of demographic factors to classification
performance. Under these conditions, clinical and biological indicators appear to provide a
more direct representation of individual health status.

From a translational perspective, these findings illustrate the capacity of hybrid ana-
lytical approaches such as the GA-RF framework to identify clinically relevant patterns
within small community-based datasets. Identification of a concise subset of highly infor-
mative variables, including the KJSS, ESR, chest X-ray findings, and BCG vaccination status,
suggests that routinely collected, low-cost clinical measures may support standardized
community-based clinical assessment in resource-limited settings.

Taken together, this comparative interpretation reinforces the bidirectional relationship
between infection and nutritional status and provides an analytical basis for integrated
clinical assessment strategies. The findings also support the potential feasibility of in-
corporating computational feature-selection methods into primary healthcare practice to
assist clinical decision-making and facilitate timely clinical assessment and appropriate
management of vulnerable children under five years of age.

4. Discussion
4.1. Overview of the Analytical Framework and Key Findings

The present study provides a community-based analytical framework integrating
clinical, anthropometric and sociodemographic variables to characterize clinically relevant
patterns associated with malnutrition and TB among children under five years of age living
in urban slum environments. By applying a hybrid GA-RF pipeline, reproducible subsets
of informative variables were identified that jointly captured the infection-inflammation-
nutrition continuum underlying child morbidity in resource-limited settings. The con-
vergence of key variables, particularly ESR, chest X-ray findings, HB levels and the KJSS,
supports their biological plausibility and clinical relevance [3,12,13,16,21–25].

In contrast to conventional epidemiological models that generally require large sample
sizes and predefined covariate structures, the present approach used data-driven feature
selection to identify physiologically meaningful patterns from relatively small field-derived
datasets. The resulting dimensionality reduction, from 48 and 52 candidate variables to 16
and 18 informative variables for malnutrition and TB, respectively, substantially improved
interpretability while maintaining stable internal discriminatory performance (area under
the curve, ~0.96). These findings support the feasibility of applying computational analyti-
cal approaches within standardized community-based clinical assessments and suggest
that routinely collected clinical variables may contribute to identifying clinically relevant
patterns associated with malnutrition and TB. The analytical strategy combined a Genetic
Algorithm for feature optimization with a supervised Random Forest classifier, allowing
robust classification while reducing model complexity.

From a methodological perspective, the principal contribution of the GA-RF frame-
work was not the identification of previously unknown clinical predictors, but rather
the objective prioritization and optimization of routinely collected variables according to
their combined discriminatory value. Unlike conventional epidemiological approaches,
which generally evaluate predefined associations based on a priori hypotheses, the GA-RF
framework simultaneously considered many interacting variables, identified the most
informative subset, and reduced model dimensionality while maintaining high classi-
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fication performance. This characteristic may facilitate the development of simplified
decision-support tools requiring fewer routinely collected variables, making the approach
particularly suitable for standardized community-based clinical assessments in resource-
constrained settings.

Although the high internal accuracy and stability of the selected informative variables
support the methodological consistency of the analytical framework, the absence of external
validation requires cautious interpretation. Therefore, the proposed models should be
considered proof-of-concept analytical frameworks identifying clinically relevant patterns
rather than deployable diagnostic tools. Accordingly, the proposed GA-RF framework
should be interpreted as a complementary analytical and decision-support framework
rather than as a replacement for conventional epidemiological analyses or clinical judgment.
Its principal strength lies in supporting the data-driven prioritization of routinely available
clinical, anthropometric, laboratory, radiological, and sociodemographic variables that may
facilitate targeted clinical assessment and resource allocation in vulnerable populations. The
primary objective of the present study was not to develop a deployable diagnostic model,
but to identify clinically and socially relevant patterns associated with TB and malnutrition
in vulnerable pediatric populations. Nevertheless, the consistency observed across both
classification models provides a rationale for extending this analytical approach to larger
prospective cohorts to refine classification thresholds and evaluate applicability under
real-world conditions. Accordingly, the present findings should be considered hypothesis-
generating rather than immediately applicable to routine clinical implementation or public
health surveillance until validated in independent populations.

4.2. Clinical and Epidemiological Interpretation

The findings of the present study indicate that several informative clinical, laboratory,
radiological, anthropometric, and sociodemographic variables were associated with TB
prevalence, with malnutrition emerging as a central determinant among preschool-aged
children. These observations are consistent with previous reports demonstrating a strong
association between undernutrition and increased susceptibility to TB during early child-
hood [16,21–24]. Children under five years of age constitute a biologically vulnerable
population due to the immaturity of the immune system, which increases susceptibility
to infectious diseases and nutritional deterioration [8,26,27]. In addition, TB in this age
group frequently presents with atypical or extrapulmonary manifestations, contributing to
diagnostic delays and poorer clinical outcomes [7,28,29].

The present analysis also highlights the influence of parental education on child
health outcomes. Paternal illiteracy emerged as an important sociodemographic factor
associated with both TB and malnutrition, in agreement with previous epidemiological
studies linking low parental education with adverse pediatric health indicators [30]. By
contrast, maternal education demonstrated minimal variability within the cohort, likely
reflecting the uniformly low educational attainment among women in this community.
These findings underscore the importance of incorporating parental education and health
literacy components into community-based TB and nutritional intervention programs.

In addition, diarrheal illness and dehydration emerged as frequent and clinically
relevant variables associated with both TB and malnutrition, corroborating previous re-
ports [25,31]. Gastrointestinal infections and associated mucosal inflammation may impair
nutrient absorption and accelerate wasting in vulnerable children. This bidirectional and
cyclical relationship between diarrheal disease and undernutrition further emphasizes the
importance of timely recognition and appropriate management of gastrointestinal disorders
to prevent progressive deterioration of nutritional status and immune function [8].
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4.3. Immunological and Pathophysiological Correlates

Anemia, elevated ESR, and low HB levels emerged among the most informative
biomarkers prioritized by the GA-RF framework, underscoring the central role of chronic
inflammation and iron dysregulation in the pathogenesis of both TB and malnutrition.
In TB, anemia is largely mediated by inflammatory cytokine-induced upregulation of
hepcidin, which suppresses ferroportin expression and restricts iron availability, leading
to the classical anemia of chronic disease [32,33]. Malnutrition may further exacerbate
these mechanisms through deficiencies in essential micronutrients, including iron, zinc,
and vitamin A, as well as through impaired erythropoiesis [34].

Similar mechanistic interactions have been described by Schaible and Kaufmann
and by Cegielski and McMurray, who highlighted a reciprocal feedback loop in which
chronic infection induces oxidative stress, proteolysis and growth impairment, whereas
nutritional deprivation compromises host immune competence [12,35]. Within this frame-
work, infection and undernutrition may act synergistically to sustain a state of persistent
immunometabolic stress.

Mechanistically, the present findings reinforce the immunometabolic model linking
infection-driven inflammation with nutritional decline. TB-associated cytokine activation,
particularly involving interleukin-6, tumor necrosis factor-α and interferon-γ, increases resting
energy expenditure and promotes skeletal muscle catabolism, whereas reduced dietary intake
and impaired nutrient absorption limit immune-cell proliferation and phagocytic capacity.
This interaction may explain the concurrent presence of low HB concentrations, elevated ESR
values and reduced mid-upper arm circumference observed in the present cohort.

These findings are consistent with previous studies reporting similar patterns of
immunometabolic deterioration among malnourished children with chronic infectious
diseases [13,36], thereby supporting the biological plausibility of the variables prioritized
by the analytical framework. Collectively, these observations support the concept that
TB and malnutrition represent interdependent immunopathological processes rather than
independent or sequential conditions, particularly in vulnerable pediatric populations
living in resource-constrained settings.

4.4. Role of Vaccination and Respiratory Morbidity

In the present analysis, BCG vaccination emerged as one of the most informative
variables associated with TB outcomes, consistent with previous evidence demonstrating
that BCG confers partial protection against severe forms of TB, including miliary disease
and tuberculous meningitis, in young children [15,28,37]. Although overall immunization
coverage did not differ significantly between groups, the presence of a BCG scar was
inversely associated with TB status. These findings reinforce the role of BCG as a modifiable
preventive factor and underscore the importance of maintaining high vaccination coverage
in socioeconomically deprived populations [15,37,38].

Respiratory symptoms, particularly productive cough, dyspnea and wheezing, were
consistently associated with both TB and malnutrition. This observation is consistent with
the pathophysiology of TB as a chronic pulmonary disease characterized by alveolar injury,
impaired gas exchange, hypoxia and sustained inflammatory activation [28]. Similar to
previous reports [5,36,39], the present findings support a bidirectional interaction in which
respiratory infections accelerate nutritional decline through increased metabolic demand
and reduced dietary intake, whereas malnutrition compromises mucosal integrity and
immune defense mechanisms.

These interactions highlight the importance of integrating systematic respiratory
assessment into nutritional assessment protocols, particularly in high-risk pediatric popula-
tions. Timely recognition of respiratory symptoms in malnourished children may facilitate
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appropriate TB investigation and improve case detection, particularly in children presenting
with nonspecific or atypical clinical manifestations [3,4,7].

4.5. Clinical and Public Health Implications

From a translational perspective, the present findings highlight the feasibility of
integrating low-cost, data-driven analytical approaches such as the GA-RF framework into
standardized primary healthcare assessment workflows in resource-limited settings. This
analytical strategy may complement conventional regression-based models by capturing
non-linear relationships and complex interactions that are often overlooked in traditional
epidemiological analyses.

Identification of a concise and clinically interpretable subset of informative variables,
including ESR, KJSS, chest X-ray findings, and HB levels, suggests that routinely collected
clinical, laboratory, radiological, anthropometric, and sociodemographic data may support
the identification of clinically relevant patterns associated with TB and malnutrition during
standardized clinical assessment, thereby facilitating prioritization for further diagnostic
evaluation and timely intervention.

Given the bidirectional relationship between infection and malnutrition, integrated
clinical assessment of both conditions may facilitate comprehensive clinical evaluation,
support clinical decision-making, and enhance management efficiency in high-burden com-
munities. These observations are consistent with previous recommendations advocating
integrated models of care combining TB assessment, nutritional support, and community-
based education to interrupt the infection-malnutrition cycle [4,5].

Strengthening nutritional supplementation within TB control programs, ensuring
continuity of vaccination coverage, and improving access to essential healthcare services re-
main important strategies for reducing morbidity and mortality among vulnerable pediatric
populations in comparable high-burden settings [1,5,10,13,35].

4.6. Strengths, Limitations and Future Research Directions

The present study has several methodological and conceptual strengths. First, it
represents one of the few community-based investigations integrating clinical, anthropo-
metric and laboratory data to examine the dual burden of TB and malnutrition among
children under five years of age living in deprived urban environments. Use of the hy-
brid GA-RF framework enabled objective feature selection and reduced the likelihood of
model overfitting despite the relatively modest sample size. In contrast to conventional
regression approaches, this computational strategy accommodates non-linear relation-
ships, multicollinearity and high-dimensional data structures, thereby allowing a broader
representation of biological and epidemiological complexity.

Second, the study demonstrated strong internal validity through repeated cross-
validation, stratified resampling, permutation testing and bootstrap stability analyses,
supporting the robustness and reproducibility of the selected informative variables. Third,
because the models relied on routinely collected clinical, anthropometric, laboratory, radio-
logical, and sociodemographic variables obtained during standardized community-based
clinical assessments, the analytical framework may be feasible and potentially scalable
within resource-constrained primary healthcare systems. Finally, integration of structured
field observations with clinical and laboratory assessments enhanced the ecological validity
of the findings by ensuring that the analytical models reflected real-world environmental
and healthcare conditions within this vulnerable population.

Several limitations should nevertheless be acknowledged. The cross-sectional design
precludes causal inference and limits temporal interpretation of the observed associa-
tions between malnutrition, infection and clinical indicators. The absence of universal
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microbiological confirmation for TB introduces the possibility of diagnostic misclassifica-
tion, particularly in extrapulmonary or paucibacillary cases commonly observed in young
children. Seasonal migration and population mobility may also have influenced represen-
tativeness, whereas reliance on maternal recall for age estimation may have introduced
minor anthropometric imprecision. Although the sample included >80% of the accessible
population, it remained insufficient for external validation or detailed stratified analyses
according to age, sex or disease phenotype. Furthermore, despite the internal consistency of
the GA-RF framework, the absence of an independent validation cohort requires cautious
interpretation of predictive performance as exploratory rather than definitive.

An additional methodological consideration is that several of the variables identified
as highly informative by the GA-RF framework, including chest radiographic findings, the
Kenneth John Scoring System, and anthropometric measurements, are obtained during
the routine clinical assessment rather than before diagnostic evaluation. Consequently, the
present models were designed to identify the combination of routinely collected variables
providing the greatest discriminatory performance within a comprehensive community-
based clinical assessment, rather than to develop a pre-diagnostic screening tool based
exclusively on baseline information. Therefore, the reported classification performance
should be interpreted within this clinical context. Future studies should evaluate simplified
analytical or classification models using only variables available before diagnostic investi-
gations to determine their suitability for early community-based clinical assessment and
public health implementation.

An additional limitation is that tuberculosis and malnutrition are complex multifacto-
rial conditions influenced by numerous environmental, social, biological, and behavioral
determinants that were not comprehensively captured in the present analytical framework.
Although the models incorporated a broad range of routinely collected clinical, anthropo-
metric, laboratory, radiological, and sociodemographic variables, other potentially relevant
factors, including household income, parental education, dietary diversity, food security,
environmental pollution, genetic susceptibility, microbiome composition, and detailed
immunological characteristics, were not available for analysis. Consequently, the identified
informative variables should be interpreted as representing the most informative variables
within the available dataset rather than an exhaustive characterization of all determinants
contributing to TB and malnutrition.

Future research should address these limitations by incorporating a broader range
of environmental, socioeconomic, behavioral, and biological determinants into longitu-
dinal multicenter studies, thereby enabling a more comprehensive characterization of
the complex pathways underlying tuberculosis and malnutrition in vulnerable pediatric
populations. Larger cohorts incorporating molecular and immunological biomarkers, in-
cluding ferritin, hepcidin, soluble transferrin receptor, and cytokine profiles, may further
clarify the mechanistic pathways linking inflammation, anemia, and nutritional deterio-
ration. Following external validation, the incorporation of machine learning algorithms
into routine community health surveillance systems may facilitate real-time monitoring of
nutritional and infectious health profiles, particularly when integrated with mobile health
or telemedicine platforms. Finally, intervention studies combining nutritional rehabilitation,
TB assessment, and caregiver education are warranted to determine whether data-driven
prioritization of clinically relevant variables can translate into measurable improvements
in early diagnosis, treatment adherence, and child survival.

Taken together, these considerations position the present study as a proof-of-concept
analytical foundation for the development of scalable, integrated, and precision-oriented
child health strategies in low-resource settings.
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5. Conclusions
In conclusion, the present study demonstrates that hybrid data-driven analytical mod-

els may identify clinically relevant patterns associated with TB and malnutrition using
relatively small community-based datasets. The convergence of inflammatory, hemato-
logical, radiological, and anthropometric indicators highlights the close interrelationship
between infection and nutritional status during early childhood, particularly among vul-
nerable urban migrant populations.

These findings reinforce the importance of integrated community-based approaches
combining nutritional support, early TB control strategies, and health education as comple-
mentary strategies to improve child health outcomes in deprived settings. Although the
proposed GA-RF framework demonstrated promising internal performance, its findings
should be considered hypothesis-generating and require external validation in larger and
more heterogeneous populations before routine implementation in clinical practice or
public health programs can be recommended.

Nevertheless, the proposed GA-RF framework should be interpreted as an analytical
and decision-support framework rather than as a pre-diagnostic screening or early risk
prediction tool. Within standardized community-based clinical assessments, it may support
the identification of clinically relevant patterns and the prioritization of informative clinical,
anthropometric, laboratory, radiological, and sociodemographic variables, thereby informing
future research and evidence-based decision-making in resource-limited environments.
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