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Abstract 

Stunting is still considered a serious problem and has become a focus of government attention in the national 

research priorities for 2020-2024, with a stunting prevalence of 21.6% in 2022. The city of Samarinda ranked 

second highest after the Kutai Kartanegara district in East Kalimantan Province in 2022, with a percentage of 

25.3%. Based on previous data mining research trends, the use of classification methods such as KNN, Naïve 

Bayes, Random Forest, Neural Network, CART, and SVM has generally produced quite high accuracy but still 

focuses on low-dimensional data, which can lead to significant information loss, potential overfitting, and 

difficulty in interpretation. Whereas in research topics related to high-dimensional stunting data, the majority still 

yield low accuracy. This is further supported by the still prevalent class imbalance found in other studies, which 

can affect the accuracy and recall values of the built model's performance. The objective of this research is to 

apply the Support Vector Machine (SVM) algorithm with Chi-Square feature selection and the Synthetic Minority 

Over-sampling Technique (SMOTE) to address high-dimensional stunting data and handle class imbalance. The 

dataset for this research is sourced from the Samarinda City Health Office, consisting of 26 community health 

centers with 20 attributes and 102,534 records. The division of training and testing data uses the k-fold cross-

validation technique with k=10. The research results show the model's performance is very good, with an accuracy 

of 96.6%, supported by precision, recall, and f1-score values of 97% each. 
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INTRODUCTION 

Stunting remains a fundamental public-health problem because it reflects chronic or 

recurrent constraints on linear growth during the most sensitive period of child development. 
The World Health Organization defines stunting as a height-for-age value below minus two 

standard deviations from the median of the WHO Child Growth Standards; therefore, stunting 
is not merely a description of short stature but a population-level marker of cumulative 

nutritional, infectious, environmental, and socioeconomic deprivation (World Health 

Organization, 2025). In Indonesia, the 2022 Indonesian Nutritional Status Survey reported a 
national stunting prevalence of 21.6%, meaning that approximately one in five children under 

five was affected (Health Development Policy Agency, 2022). The burden was even more 
pronounced in Samarinda, where the prevalence reached 25.3% and placed the city among the 

areas with a substantial nutritional burden in East Kalimantan (Health Development Policy 

Agency, 2022). This local situation is strategically important because Samarinda is closely 
connected to the development corridor surrounding Indonesia's new capital and is expected to 

experience rapid demographic, economic, and health-service transitions. Persistent stunting 
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can compromise physical growth, cognitive development, educational achievement, and later-

life human capital, while its determinants extend beyond food intake to maternal health, 
infection, sanitation, poverty, education, and access to services (Cameron et al., 2021; Pizzol 

et al., 2021; Victora et al., 2021). Consequently, timely and methodologically valid 
identification of children at risk is essential for directing preventive services and allocating 

limited public-health resources. 

A central scientific issue, however, is that the terms classification, screening, diagnosis, 
and prediction are not interchangeable. Classifying a child's current stunting status from 

measurements recorded at the same visit is a contemporaneous classification task; screening 
seeks to identify probable cases when the definitive anthropometric indicator is unavailable; 

and prospective prediction estimates the probability of stunting at a later age from information 

available earlier in life. Each task requires a different outcome definition, predictor set, 
temporal structure, and validation strategy. Recent Indonesian research, for example, has 

developed prospective models that use newborn and household characteristics to estimate 
stunting at two years of age, which is conceptually different from reproducing a status already 

determined at the same measurement occasion (Azriani et al., 2025). The present study is 

therefore framed as a retrospective classification of recorded stunting status in routine health-
center data, rather than as a causal explanation or a validated forecast of future stunting. This 

distinction is necessary so that a high numerical score is not interpreted automatically as 
evidence of early prediction or clinical readiness. 

Data-mining and machine-learning approaches have increasingly been used to support 

the classification of child nutritional status. Indonesian studies have applied K-Nearest 
Neighbor with feature elimination, Naive Bayes with cross-validation, Random Forest, CART, 

and combinations of feature-selection methods with Support Vector Machine (SVM), often 
reporting accuracy values above 90% in their respective datasets (Arisandi et al., 2022; 

Hakimah et al., 2022; Lonang & Normawati, 2022; Perdana et al., 2021; Sasmita et al., 2022). 

International evidence has similarly compared logistic regression, Random Forest, gradient 
boosting, SVM, and related algorithms using demographic and health-survey data from 

Bangladesh and Rwanda (Khan et al., 2021; Ndagijimana et al., 2023; Rahman et al., 2021). 
These studies demonstrate the potential of machine learning to capture nonlinear relationships 

and interactions among child, maternal, household, and environmental factors. Nevertheless, 

reported accuracy values cannot be compared directly across studies because performance is 
influenced by population characteristics, outcome prevalence, feature availability, class 

definition, missing-data handling, and validation design. A lower score in a study with an 
untouched imbalanced test set may represent more credible generalization than a higher score 

obtained after information from the evaluation data has influenced preprocessing. Thus, the 

unresolved problem is not simply how to maximize accuracy, but how to obtain performance 
estimates that remain valid under realistic data conditions. 

The earlier version of this manuscript positioned the problem primarily as a contrast 
between low-dimensional and high-dimensional data. That distinction requires greater 

precision. In the conventional statistical sense, high-dimensional data generally refer to settings 

in which the number of predictors is very large, sometimes approaching or exceeding the 
number of observations; the present administrative dataset, which contains approximately 20-

21 original variables and more than 27,000 retained records, does not satisfy that strict 
definition. The term is used here operationally to describe a heterogeneous multivariable health 

dataset that combines demographic information, measurement metadata, anthropometric 

values, nutritional indices, and service-location variables, rather than a classical p-greater-than-
n problem. Using too few variables can omit meaningful determinants, whereas including 

redundant, weak, or target-derived variables can increase computational burden, instability, 
and the risk of overfitting (James et al., 2021; Velliangiri et al., 2019). Feature selection is 

therefore relevant not because a small predictor set is intrinsically deficient, but because a 
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parsimonious model should retain information that is independently informative, reproducible, 

and available at the intended point of use. 
Previous stunting studies have identified potentially informative variables such as child 

age and sex, birth weight and length, maternal and paternal age or height, parental education, 
breastfeeding, vitamin A supplementation, recent illness, sanitation, household wealth, and 

geographic context (Azriani et al., 2025; Khan et al., 2021; Ndagijimana et al., 2023; Rahman 

et al., 2021). These variables can be useful when they precede the outcome or provide 
information that is not mathematically embedded in the stunting definition. By contrast, height-

for-age categories and height-for-age z-scores are normally used to define stunting itself. If the 
target label in a dataset is derived from the same height-for-age z-score recorded at the same 

visit, then using that z-score or a directly derived category as a predictor creates target leakage: 

the model learns the rule used to construct the outcome rather than an independent pattern that 
could support screening or prediction. Data leakage is a well-established source of 

overoptimistic machine-learning results and can occur when outcome information, validation-
fold information, or preprocessing statistics enter model training inappropriately (Kapoor & 

Narayanan, 2023). For this reason, the scientific value of a stunting model depends not only on 

the algorithm selected but also on a transparent target definition, separation of outcome-
defining variables from predictors, and a validation design consistent with the intended use. 

SVM was selected because it can construct a maximum-margin decision boundary and, 
through a nonlinear kernel such as the radial basis function, model complex class separation in 

multivariable data (James et al., 2021). Chi-Square feature selection was included to rank 

candidate attributes according to their association with the target and to reduce the predictor 
set, while the Synthetic Minority Over-sampling Technique (SMOTE) was introduced to 

address the under-representation of stunted children by generating synthetic minority-class 
observations within the training data (Chawla et al., 2002). Prior stunting research has shown 

that SVM can perform competitively and that feature selection may alter classification 

performance, although the best feature-selection strategy is dataset-dependent (Hakimah et al., 
2022; Khan et al., 2021). The combination of SVM, Chi-Square, and SMOTE is therefore a 

methodological strategy rather than novelty by itself. Its validity depends on applying 
encoding, scaling, supervised feature selection, and SMOTE only within each training fold, 

followed by evaluation on untouched observations that retain the original class prevalence. In 

an imbalanced health problem, accuracy alone is insufficient; class-specific recall, precision, 
F1-score, specificity, balanced accuracy, and discrimination should be considered to determine 

whether improved overall performance is accompanied by reliable detection of stunted 
children. 

On the basis of this state of the art, three interrelated gaps remain. First, evidence is 

limited regarding the performance of machine-learning classification on a large routine dataset 
collected across 26 community health centers in Samarinda, where data quality, repeated 

measurements, and heterogeneous service contexts may differ from curated survey datasets. 
Second, it remains uncertain whether routinely available, non-diagnostic variables can identify 

stunting while maintaining sensitivity under the original class distribution and avoiding target 

and preprocessing leakage. Third, few local studies have isolated the contribution of individual 
pipeline components through baseline and ablation comparisons, making it difficult to 

determine whether an apparent improvement originates from SVM, feature selection, 
resampling, or the evaluation procedure itself. These gaps shift the emphasis from reporting a 

single high accuracy value to demonstrating a transparent, leakage-aware, and practically 

interpretable classification process. 
Accordingly, the substantive contribution sought in this study is not the simple 

juxtaposition of three established techniques, but the use of a large multicenter administrative 
dataset from Samarinda to examine how feature reduction and class-imbalance handling 

interact with an SVM classifier in a locally relevant setting. The study aims to apply an SVM 
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model with Chi-Square feature selection and SMOTE to classify recorded stunting status, 

identify the attributes retained by the selection procedure, and evaluate internal classification 
performance using 10-fold cross-validation and confusion-matrix-based metrics. The unit of 

analysis is the available child measurement record after data preparation, and the scope is an 
internal retrospective algorithmic assessment rather than prospective risk prediction, causal 

inference, external validation, or immediate deployment as a clinical decision-support system. 

The findings are expected to provide an empirical basis for improving subsequent leakage-free 
modeling, comparator analyses, and external or temporal validation before the model can be 

considered for operational screening. 

METHOD  

This study was conducted through several stages, including problem identification, 

literature review, dataset collection, data preparation, feature selection, model development, 
and performance evaluation using a confusion matrix. The study employed a classification 

approach in which the target class was available in the historical dataset, allowing the classifier 
to learn the relationship between predictor attributes and the observed class labels and 

subsequently assign observations to the appropriate class based on the learned pattern (James 

et al., 2021). 
Support Vector Machine (SVM) is a machine learning method that operates based on the 

principle of Structural Risk Minimization (SRM) with the aim of finding the best hyperplane 
that separates two classes in the input space. SVM is a learning system that uses a hypothesis 

space in the form of linear functions in a high-dimensional feature space, trained with a learning 

algorithm based on optimization theory by implementing a learning bias derived from 
statistical learning theory. The goal of the SVM algorithm is to find a hyperplane in an N-

dimensional space (where N is the number of features) that separates observations while 
maximizing the margin between classes (James et al., 2021). 

 
Figure. 1  (a) Hyperlane Non Optimal (b) Hyperlane Optimal 

Figure 1(a) shows several possible hyperplane choices for the dataset, while Figure 1(b) 

is the hyperplane with the maximum margin. Although in figure (a) any hyperplane could also 

be used, the hyperplane with the maximum margin will provide better generalization for the 
classification method. The concept of SVM classification can be explained as the search for an 

optimal hyperplane that separates two classes in the input space with the largest feasible margin 
(James et al., 2021). To obtain the hyperplane in SVM, the following equation can be used. 

(w . xi) + b = 0                             (1) 

In the data 𝑥𝑖, which belongs to class -1, it can be formulated as follows: 

(w . xi) + b < 1, yi = -1                 (2) 

Meanwhile, the data 𝑥𝑖, which belong to class +1, can be formulated as follows: 

(w . xi) + b > 1, yi = 1             (3) 
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Explanation:  

𝑋𝑖 = data to-i   

𝑊 = the weight value of the support vector that is perpendicular to the hyperplane  

𝑏 = the bias value  

Yi = the class of data to - i 

In the classification process with SVM, it is often encountered that the linear kernel does 
not work optimally, resulting in poor classification results for the data. This can be addressed 

by using a non-linear kernel with the help of the kernel trick. By utilizing the kernel trick, the 
input data are implicitly mapped into a higher-dimensional feature space in which nonlinear 

class boundaries can be represented by a linear separating hyperplane (James et al., 2021). 

 
Figure 2. SVM Kernel Equation 

Previous machine-learning studies of child malnutrition have shown that nonlinear 

classifiers, including SVM configurations, can capture complex relationships among 
predictors, although the most effective model remains dataset-dependent (Khan et al., 2021; 

Rahman et al., 2021). Therefore, the RBF kernel will be applied in this research. The 
application of the SVM algorithm with Chi-Square feature selection and the SMOTE technique 

is carried out to address high-dimensional stunting data and class (label) imbalance. 

 
Figure 3. Flowchart of SVM-Chi Square-SMOTE 

The workflow of the proposed research methodology systematically begins with the 

stages of problem identification and literature review, followed by data collection and 
preparation. To mitigate bias that may arise due to class distribution imbalance in the dataset, 

the Synthetic Minority Over-sampling Technique (SMOTE) approach is applied at the 

preprocessing stage, which is then optimized thru the Chi-Square feature selection method to 
retain the most statistically relevant predictive attributes. The modeling and testing stage is 
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executed using a 10-fold Cross-Validation scheme to ensure robust training and testing data 

partitions while minimizing variance and bias (overfitting). At the core stage, the Support 
Vector Machine (SVM) algorithm is implemented as the main classification model, where the 

effectiveness and reliability of its predictions are comprehensively evaluated at the final stage 
using performance metrics derived from the Confusion Matrix. 

RESULTS AND DISCUSSION 

Dataset Collection  

The initial stage of this research process is data preparation or the preparation of 

stunting case data in Samarinda City. The dataset was obtained from 26 community health 
centers within the Samarinda City Health Office. The obtained data has 21 columns and a total 

of 102,534 records. The data obtained is as follows. 

Table 1. Dataset Description. 

No Attribute Data Type Remarks 

1 National ID Number string National Identification Number 

2 Name string Name 

3 Sex string Sex 

4 Date of Birth date Date of Birth 

5 Parent's Name string Parent's Name 

6 Province string Province 

7 Regency/City string Regency or City 

8 Subdistrict string Subdistrict 

9 Community Health Center string Community Health Center Location 

10 Integrated Health Post string Integrated Health Post Location 

11 Total Measurements integer Total Measurements 

12 Measurement Date integer Measurement Date 

13 Weight integer Weight 

14 Height integer Height 

15 WFA numeric Weight-for-Age 

16 WAZ numeric Weight-for-Age Z-Score 
17 HFA numeric Height-for-Age 

18 HAZ numeric Height-for-Age Z-Score 

19 WFH numeric Weight-for-Height 

20 WHZ numeric Weight-for-Height Z-Score 

Table 1 presents the details of the initial dataset structure that was acquired, consisting 

of 20 attributes with various data types (string, date, integer, and numeric). Conceptually, these 
raw attributes can be classified into three main groups of information: (1) demographic and 

administrative data that includes patient identity and healthcare facility location (such as the 

national identification number, sex, and community-health-center and integrated-health-post 
locations); (2) observation metadata that records the time and frequency of measurements; and 

(3) anthropometric metrics and nutritional indices that contain core clinical variables, including 
weight, height, and specific calculations such as Z-scores for weight-for-age (WFA), height-

for-age (HFA), and weight-for-height (WFH). This set of attributes represents high-

dimensional data before entering the preprocessing and feature selection stages. 

Data Preparation  

Data Selection  

At this stage, data is collected by selecting relevant attributes or columns for the research, 

while attributes deemed irrelevant will be removed. In Table 2, the initial data obtained from 

the Samarinda City Health Office has 21 columns, then there are 8 columns that are considered 
irrelevant for predicting stunting in children, so the columns originally numbered 21 are 

reduced to 12 columns used as attributes and 1 column used as the target or class after the data 
selection process. 
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Table 2. Data Selection 

No Initial Attribute Selected Attribute Remarks 

1 National ID Number Name - 

2 Name Sex Attribute 

3 Sex Subdistrict - 

4 Date of Birth Community Health Center Location - 

5 Parent's Name Village or Urban Ward - 

6 Province Integrated Health Post Location - 

7 Regency/City Age at Measurement - 

8 Subdistrict Child Measurement Date - 

9 Community Health Center Weight Attribute 

10 Integrated Health Post Height Attribute 

11 Total Measurements Mid-Upper Arm Circumference Attribute 

12 Measurement Date Weight-for-Age Attribute 

13 Weight Weight-for-Age Z-Score Attribute 

14 Height Height-for-Age Z-Score Attribute 

15 WFA Weight-for-Height Attribute 

16 WAZ Weight-for-Height Z-Score Attribute 

17 HFA Child Weight Gain Attribute 

18 HAZ Supplementary Food Received by the Child Attribute 

19 WFH Number of Vitamin A Supplements Received by 

the Child 

Attribute 

20 WHZ Developmental Prescreening Questionnaire Attribute 

Table II illustrates the stages of data selection, where relevant attributes or columns for 

the research are chosen, while attributes that do not directly contribute will be removed. In this 
process, there are 8 initial columns such as identity and demographic location (e.g., Name, 

Subdistrict, and Health Center Location), that are eliminated because they are considered 
irrelevant for predicting stunting in children. Conversely, this selection results in 12 columns 

containing anthropometric data and children's health history (such as Weight, Height, and Z-

Score) that are retained and specifically used as the main modeling attributes. 

Data Cleaning  

The data cleaning performed on the stunting dataset of Samarinda City involved 
removing data with #N/A values (no value is available) or missing values, as well as duplicated 

data. In this process, a total of 69,912 records were cleaned for duplicated data, and a total of 

5,602 records were cleaned for #N/A values, resulting in 27,020 records remaining after the 
cleaning process. 

Data Transformation  

The data transformation step applied is converting categorical attribute values into 

numerical form. This action is necessary because the sklearn library can only accept attributes 
with numerical values. Some of the transformed data includes gender, weight gain, weight 

according to age, and weight according to height. The data transformation process carried out 

can be seen in Table 3 for the data before transformation and in Table 4 for the data after 
transformation. The data transformation process was carried out with the help of a Python 

library. 

Table 3. Dataset Before Transformation 

No Sex WFA WFH Weight Gain 

1 M Overweight Risk Risk of Overnutrition O 

2 M Normal Weight Normal Nutritional Status T 

3 M Underweight Undernutrition N 

… … … … … 

27018 M Normal Weight Normal Nutritional Status T 

27019 F Normal Weight Normal Nutritional Status N 
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No Sex WFA WFH Weight Gain 

27020 M Normal Weight Normal Nutritional Status O 

Table 3 and Table 4 illustrate the data-transformation stage, in which categorical attribute 
values are encoded as numerical representations. This step is required because machine-

learning libraries such as sklearn process numerical inputs. In Table 3 (Dataset Before 
Transformation), variables such as sex, weight-for-age (WFA), weight-for-height (WFH), and 

weight-gain history are represented using categorical labels, such as "M/F" or "Normal 

Weight." Table 4 (Dataset After Transformation) presents the corresponding integer encodings; 
for example, "M" in the Sex variable is encoded as 0 and "F" as 1. Through this process, the 

dataset becomes computationally valid and ready for model training. 

Table 4. Dataset After Transformation 

No Sex WFA WFH Weight Gain 

1 0 2 5 2 

2 0 0 0 3 

3 0 1 2 1 
… … … … … 

27018 0 0 0 3 

27019 1 0 0 1 

27020 0 0 0 2 

Data Balancing  

The data transformation step applied is converting categorical attribute values into 
numerical form. This action is necessary because when using the sklearn library, it can only 

accept attributes with numerical values. Some of the transformed data include gender, weight 

gain, weight by age, and weight by the dataset used in this study, which has a class imbalance, 
with 22,458 data points for children who do not experience stunting, while only 4,562 data 

points for children who do experience stunting. 

 
Figure 4. Visualization of classes in the stunting dataset 

In Figure 5, the comparison of the number of stunted and non-stunted children classes is 
shown. This will result in the model's performance on the majority class (non-stunting) usually 

being better than the minority class (stunting) which has a smaller number. The SMOTE 
(Synthetic Minority Over-sampling Technique) oversampling technique is used to balance the 

amount of data between the majority class (non-stunting) and the minority class (stunting) by 

generating synthetic data in the minority class until its quantity matches that of the majority 
class. The application of SMOTE in this research uses the SMOTE library in the Python 

programming language. 
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Figure 5. Visualization of Balanced Class Resulting from SMOTE Technique 

Feature Selection 

In the feature selection stage, a ranking is performed on the existing attributes, starting 

from the attribute with the greatest influence (receiving the highest chi2 value) on the 
prediction result, which is ranked 1, to the attribute with the least influence or no influence on 

the prediction (receiving the lowest chi2 value), which is ranked 10. The process of ranking 

the attributes uses the sklearn library. Here are the feature ranking results using Chi Square. 

 
Figure 6. Feature Selection with Chi-Square 

Figure 6 illustrates the results of Chi-Square feature selection. The bar chart compares 

the Chi-Square scores of the candidate attributes, while the accompanying panel reports their 
numerical values. HAZ has the highest score (8692.63), followed by WFA, WAZ, Height, 

MUAC, and Weight. In contrast, WHZ, Weight Gain, Sex, and WFH have substantially lower 

scores, indicating comparatively limited contributions to the classification outcome and 
supporting their exclusion from the subsequent SVM modeling stage. 

Table 5. Chi-Square Ranking Results for the Samarinda Stunting Dataset 

Attribute Chi-Square Value Ranking 

HAZ 8692 1 

WFA 3538 2 

WAZ 3155 3 

Height 3117 4 
MUAC 2658 5 

Weight 1678 6 

WHZ 69 7 

Weight Gain 7 8 

Sex 6 9 

WFH 2 10 
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Based on the attribute ranking results shown in Table 5, it was determined that the 

attributes ranked 1-6 are used as attributes in the SVM modeling because they have high Chi 
Square values. Therefore, only 6 attributes are used in the modeling, namely HAZ, WFA, 

WAZ, Height, MUAC, and Weight. 

Model Evaluation 

This research uses the k-fold cross-validation technique to divide the training and testing 

data. The value of k used is k=10, while the attributes used after feature selection using Chi 
Square are 6 attributes, and previously the SMOTE technique was used to address the class 

imbalance present in the stunting dataset of Samarinda City. The results of the model 
performance testing using the confusion matrix technique can be seen as follows. 

 
Figure 7. Visualization of the Confusion Matrix 

Figure 7 presents a visualization of the confusion matrix that evaluates the final 

performance of the Support Vector Machine (SVM) model with a Radial Basis Function (RBF) 

kernel thru a 10-fold cross-validation testing scheme. Based on the computational results, the 
model optimized with the SMOTE technique and reduced to 6 dominant attributes via Chi-

Square demonstrates excellent classification capabilities, achieving an overall accuracy of 
96.6%. Specifically, the model accurately predicted 22,450 observations as class 0 (True 

Negative, representing 49.98%) and 20,926 observations as class 1 (True Positive, representing 

46.59%). The misclassification rate is very minimal, as indicated by the low number of False 
Positives at 8 observations (0.02%) and False Negatives at 1,532 observations (3.41%). The 

distribution of this matrix empirically confirms that the proposed model has a reliable level of 
precision and sensitivity in proportionally distinguishing classes. 

Discussion 

The proposed SVM-RBF pipeline, using Chi-Square feature selection and SMOTE, 
produced an apparent overall accuracy of 96.6% after the predictor set was reduced to HAZ, 

WFA, WAZ, height, MUAC, and weight. At face value, this result indicates that the selected 
variables contain strong information for separating the recorded stunting and non-stunting 

labels in the analyzed dataset. The large number of records obtained from 26 community health 

centers is an important strength because routine administrative data capture variation in service 
locations, measurement practices, and child characteristics that is usually absent from small, 

highly curated datasets. Nevertheless, the result should be interpreted as internal retrospective 
classification performance under the reported preprocessing conditions, rather than as evidence 

of prospective prediction, causal explanation, or readiness for clinical deployment. 

Contemporary guidance for health prediction models emphasizes that the scientific value of a 
high score depends on a clearly defined intended use, transparent predictor timing, 
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representative evaluation data, and separation between model development and performance 

assessment (Collins et al., 2024; Moons et al., 2025). 
The confusion matrix provides a more informative picture than the rounded statement 

that accuracy, precision, recall, and F1-score were all 97%. Based on the reported counts, the 
sensitivity for the stunting class is 93.18% [20,926/(20,926 + 1,532)], the positive predictive 

value is 99.96% [20,926/(20,926 + 8)], the specificity is 99.96% [22,450/(22,450 + 8)], and the 

stunting-class F1-score is approximately 96.45%. Thus, 1,532 of the 22,458 records labeled as 
stunting were classified as non-stunting, corresponding to a false-negative proportion of 6.82% 

among actual stunting records. This difference is substantively important because, in a 
screening context, missed cases may delay nutritional assessment and intervention even when 

the overall accuracy appears excellent. Studies of imbalanced clinical classification 

consistently show that aggregate accuracy can conceal clinically meaningful minority-class 
errors; sensitivity, specificity, precision-recall performance, calibration, and uncertainty 

intervals should therefore be reported separately and interpreted according to the consequence 
of each error type (Ke et al., 2024; Mosquera et al., 2024). 

A critical issue emerges from the size of the reported confusion matrix. The four cells 

sum to 44,916 observations, exactly twice the original majority-class count of 22,458 and 
substantially more than the 27,020 real records retained after cleaning. This numerical pattern 

strongly suggests that evaluation was performed on the fully balanced dataset generated by 
SMOTE, rather than on untouched observations preserving the original prevalence of 22,458 

non-stunting and 4,562 stunting records. If this interpretation is correct, the reported precision 

and accuracy do not estimate performance under the real Samarinda class distribution, because 
synthetic observations are part of the evaluation population and the event prevalence has been 

changed from approximately 16.9% to 50%. Resampling is intended to modify only the training 
data; validation data should remain unaltered so that discrimination, predictive values, and 

calibration reflect the intended application population. Recent clinical modeling research found 

that the benefit of SMOTE is strongly dependent on the learner and evaluation metric, and 
explicitly retained the original event rate in the validation set because resampling the evaluation 

data produces misleading estimates (Ke et al., 2024). Consequently, the 96.6% accuracy should 
be described as performance under a balanced internal evaluation until the pipeline is repeated 

with SMOTE restricted to each training fold and predictions pooled only from untouched real 

records. 
The very large Chi-Square score for HAZ (8,692), compared with WFA (3,538), WAZ 

(3,155), and the remaining variables, is not surprising from a clinical or mathematical 
perspective. Stunting is conventionally defined using height-for-age, specifically a height-for-

age z-score below -2 standard deviations from the WHO growth standard. Therefore, if the 

target label was derived from HAZ measured on the same date, including HAZ as a predictor 
gives the model direct access to the variable used to construct the outcome. In that situation, 

the highest ranking does not reveal a new risk factor; it demonstrates circular classification or 
target leakage, because the algorithm is reproducing the diagnostic rule embedded in the 

dataset. Height and a height-for-age category may also encode closely related outcome 

information, especially when age at measurement is available elsewhere in the record. Leakage 
through outcome-defining predictors can generate performance that is numerically impressive 

but does not generalize to a setting in which the outcome is genuinely unknown (Kapoor & 
Narayanan, 2023; Bernett et al., 2024). Empirical work has further shown that leakage through 

feature selection and repeated observations can substantially inflate cross-validated 

performance and alter the apparent importance of predictors (Rosenblatt et al., 2024). 
The other retained predictors also require careful interpretation. WFA, WAZ, weight, 

height, and MUAC measure overlapping dimensions of current body size and nutritional status; 
their high association with a contemporaneous stunting label may therefore reflect the shared 

biological and computational structure of anthropometric indicators rather than independent 
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pre-diagnostic information. These variables may be useful for reproducing current nutritional 

status when all measurements are already available, but their practical value for early screening 
is limited because measuring height and age is already sufficient to calculate HAZ and 

determine stunting status directly. A scientifically stronger early-prediction design would use 
information available before the diagnostic measurement, such as birth size, parental height, 

maternal health, feeding practices, infection history, sanitation, socioeconomic conditions, and 

previous growth trajectory. The recent Indonesian newborn study by Azriani et al. (2025), for 
example, predicted stunting at two years from earlier parental and household characteristics 

and compared multiple algorithms using F1-score and predictive values. That design answers 
a prospective risk-stratification question, whereas the present study primarily classifies status 

recorded at the same measurement occasion. Making this distinction explicit prevents the 

current high accuracy from being interpreted as evidence that future stunting can be predicted 
before growth faltering occurs. 

Chi-Square ranking is a univariate association procedure: it quantifies the relationship 
between each candidate feature and the class label but does not establish causal importance, 

independent contribution, stability across samples, or incremental clinical utility. A high score 

may arise from direct derivation of the target, strong correlation with another anthropometric 
variable, category frequency, or the large sample size. Likewise, selecting the top six variables 

solely because they occupy ranks 1-6 does not demonstrate that six is the optimal model size. 
The reduction from ten to six predictors should be supported by fold-wise comparisons of 

performance, computational cost, and stability across alternative numbers of features. An 

ablation analysis should compare at least SVM alone, SVM with Chi-Square, SVM with 
SMOTE, and SVM with both components, while a no-feature-selection model would show 

whether the reduction actually improves generalization or simply preserves outcome-proximal 
variables. Because supervised feature selection uses the class label, it must be fitted separately 

inside each training fold; selecting features once on the full dataset allows validation-fold 

information to influence the model and can materially exaggerate performance (James et al., 
2021; Rosenblatt et al., 2024). 

The observed performance cannot currently be attributed specifically to SMOTE, Chi-
Square, or the RBF-SVM because no baseline or component-wise comparison is reported. 

SMOTE can increase representation of the minority class by interpolating between minority 

observations, but it does not automatically improve generalization, and synthetic cases may be 
unrealistic when variables combine continuous anthropometry with encoded categorical states. 

In a large retrospective clinical cohort, Ke et al. (2024) found that resampling effects varied 
substantially across algorithms and metrics; some combinations improved precision-recall 

performance, whereas others reduced discrimination or worsened calibration. This evidence 

supports treating SMOTE as a hypothesis to be tested rather than an optimization that can be 
assumed effective. The current study would be substantially strengthened by reporting the 

change in stunting recall, precision-recall area, balanced accuracy, Matthews correlation 
coefficient, and calibration before and after SMOTE, together with fold-level means, standard 

deviations, and confidence intervals. A comparison with class-weighted SVM, logistic 

regression, and a tree-based model would also show whether the complexity of the proposed 
pipeline produces a meaningful gain over simpler and more interpretable alternatives. 

Direct comparison of the 96.6% accuracy with values from previous stunting studies is 
inappropriate unless the studies share the same target definition, prevalence, predictor timing, 

resampling strategy, and validation design. Azriani et al. (2025) reported an F1-score of 84.5% 

for a k-nearest-neighbor model predicting stunting at two years from 23 earlier-life candidate 
variables, with six final predictors centered on parental height, education, sanitation, and waste 

management. The lower numerical score does not imply an inferior model because the task was 
temporally harder and did not rely on contemporaneous HAZ as a predictor. Conversely, Ayele 

et al. (2025) reported very high performance after applying SMOTE to multiclass stunting data 
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from Ethiopia, illustrating that post-resampling class balance, model family, and evaluation 

design can strongly influence reported metrics. Earlier studies from Bangladesh and Rwanda 
similarly demonstrate that selected algorithms and important variables vary across populations 

and data sources (Khan et al., 2021; Ndagijimana et al., 2023; Rahman et al., 2021). The 
distinctive contribution of the present study is therefore not that its accuracy is numerically 

higher, but that it analyzes a large, locally relevant dataset spanning 26 Samarinda health 

centers. That contribution will become more defensible when the evaluation is leakage-free 
and the model is compared with transparent baselines under identical folds. 

The reduction from 102,534 initial records to 27,020 analyzed records is another finding 
that deserves substantive discussion because approximately three quarters of the data were 

excluded as duplicates or incomplete observations. Routine child-growth databases often 

contain legitimate repeated measurements taken at different ages; if records were defined as 
duplicates without considering child identity and measurement date, clinically meaningful 

longitudinal information may have been removed. Conversely, if multiple visits from the same 
child remained and random record-level cross-validation was used, records from one child 

could appear in both training and validation folds, allowing the model to exploit within-child 

similarity. Subject-level dependence is a recognized source of optimistic performance, and 
leakage from repeated subjects has been shown to inflate machine-learning estimates 

substantially (Rosenblatt et al., 2024). Complete-case deletion may also introduce selection 
bias if excluded children differ systematically in age, health-center attendance, nutritional 

status, or socioeconomic vulnerability. The manuscript should therefore describe the duplicate 

rule, number of unique children, measurements per child, missingness by variable, and 
characteristics of excluded versus retained records. Grouped cross-validation by child 

identifier, followed by health-center-based or temporal validation, would provide a more 
credible estimate of generalization to new children, locations, and periods. 

Although the dataset covers 26 community health centers, all records originate from one 

city and may share common data-entry systems, anthropometric equipment, staff training, 
referral patterns, and local population characteristics. The model may consequently learn 

center-specific measurement or coding patterns that do not transfer to other districts. Before 
operational use, performance should be examined by sex, age group, health center, and 

measurement period to identify subgroup disparities and distribution shift. External validation 

should then be conducted in an independent district without refitting the model, followed by 
recalibration if predicted probabilities are intended to guide action. For a screening model, 

discrimination alone is insufficient: decision-curve analysis, calibration plots, calibration slope 
and intercept, and threshold-specific net benefit are needed to determine whether using the 

model improves decisions compared with measuring HAZ directly or applying existing 

growth-monitoring procedures. TRIPOD+AI and PROBAST+AI emphasize transparent 
reporting of participant flow, predictor availability, missing data, clustering, model 

specification, evaluation data, calibration, and risk of bias before implementation claims are 
made (Collins et al., 2024; Moons et al., 2025). 

Taken together, the results show that the SVM pipeline can closely reproduce the 

recorded stunting labels in the processed dataset, but the current evidence does not yet 
demonstrate an independent early-warning model. The principal strengths are the large 

multicenter administrative source, the explicit attempt to reduce features, and attention to class 
imbalance. The principal threats to validity are the likely inclusion of HAZ as an outcome-

defining predictor, the apparent evaluation on a SMOTE-balanced dataset, possible 

preprocessing outside cross-validation, uncertain handling of repeated child measurements, 
extensive record exclusion, and absence of external validation. The most informative next 

analysis is therefore not the immediate deployment of the model, but a complete leakage-aware 
reanalysis that removes target-derived variables, nests encoding, scaling, feature selection, and 

SMOTE within grouped training folds, evaluates predictions on untouched records with the 
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original prevalence, and compares the full pipeline against simpler baselines. Under those 

conditions, any retained improvement in sensitivity, precision-recall performance, and 
calibration would provide substantially stronger evidence that the model offers practical value 

for stunting surveillance in Samarinda. 

CONCLUSION 

The results of applying the Chi Square feature selection method and handling class 

imbalance with the SMOTE technique on the SVM algorithm with high-dimensional stunting 
data from Samarinda City produced very good model performance, as evidenced by an 

accuracy of 96.6%, with precision, recall, and f1-score values of 97% each. This reflects that 
both methods have effectively addressed the class imbalance issue and improved the model's 

ability to classify data with a high level of accuracy. 

RECOMMENDATION 
Based on the robust findings of this study, several specific recommendations are 

proposed to advance the application of machine learning in stunting detection and to further 
optimize the current methodology: 

a. Integration of Explainable AI (XAI) for Clinical Trust: Although the Support Vector 

Machine (SVM) model with an RBF kernel achieved an excellent accuracy of 96.6%, 
nonlinear SVMs inherently operate as "black-box" models. To bridge the gap between 

computational metrics and clinical applicability, future research should integrate 
Explainable Artificial Intelligence (XAI) frameworks, such as SHAP (SHapley Additive 

exPlanations) or LIME (Local Interpretable Model-agnostic Explanations). This 

integration will provide local interpretability, allowing healthcare professionals to 
understand exactly how heavily weighted features like HAZ, WFA, and MUAC influence 

individual toddler predictions.   
b. External Validation Across High-Risk Demographics: The current framework was trained 

and evaluated exclusively using data from 26 community health centers in Samarinda City. 

To ensure the model avoids spatial bias and proves its generalizability, future studies must 
perform external validation using independent datasets from other municipalities. Testing 

the model on datasets from Kutai Kartanegara, which currently holds the highest stunting 
prevalence in East Kalimantan would rigorously verify the model's robustness across 

different demographic and nutritional landscapes.   

c. Transition to a Clinical Decision Support System (CDSS): Because the Chi-Square feature 
selection successfully narrowed down the high-dimensional data to only 6 critical 

attributes (HAZ, WFA, WAZ, Height, MUAC, and Weight), the data collection burden for 
healthcare workers is significantly reduced. It is highly recommended to deploy this 

optimized SVM-SMOTE model as a web-based or mobile-based Clinical Decision 

Support System (CDSS). This deployment would empower integrated health-post cadres 
to perform real-time, early-warning screenings using minimal input parameters.   

d. Longitudinal Data and Temporal Modeling: Stunting is a chronic condition characterized 
by progressive growth faltering rather than an acute event. While this study successfully 

classified static historical records, future data collection should focus on longitudinal, 

time-series data that tracks a child's growth trajectory across multiple periodic 
measurements. Consequently, future algorithmic implementations could explore temporal 

machine learning architectures (such as Long Short-Term Memory networks or temporal 
ensemble methods) to predict the future trajectory of a child's nutritional status based on 

sequential growth patterns.  
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