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Abstract- Child nutrition vulnerability is a multidimensional issue influenced by health outcomes, socioeconomic conditions,
environmental factors, maternal education, dietary patterns, and access to health services. This study developed the Child
Nutrition Vulnerability Index (IKGA) to map district level vulnerability in 33 districts or cities of North Sumatra during 2021-
2023 and to examine the stability of the resulting priority ranking. Birth, severe malnutrition, and low birth weight data were
obtained from the North Sumatra Provincial Health Office; sanitation was derived from Riskesdas; and supporting
socioeconomic and service access variables were compiled from district level research and statistical datasets. The method
included indicator transformation, annual min-max normalization, weighted composite aggregation, tertile-based relative risk
classification, spatial visualization, one-at-a-time and Monte Carlo sensitivity analyses, and exploratory machine learning
benchmarking using Random Forest, Decision Tree, and K-Means. The 2023 average IKGA was 0.3486, with the highest score
in Nias (0.5573) and the lowest in Kota Binjai (0.1934). Monte Carlo sensitivity analysis produced an average Spearman rank
correlation of 0.9957, indicating stable rankings under moderate weight variation. Random Forest reproduced the IKGA
categories better than Decision Tree and K-Means, with 0.727 accuracy and 0.724 macro-F1. The IKGA provides an
interpretable district level prioritization tool for SI-GIZ1 SIGAP, but the categories should be interpreted as relative provincial
priorities rather than absolute nutritional risk thresholds.
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1. INTRODUCTION

Child undernutrition is a strategic public health problem, impacting growth, cognitive development, morbidity and
long term human capital. Nutritional problems of children are commonly described as: stunting, wasting and
underweight, severe malnutrition and low birth weight. But nutritional vulnerability is not a function of biological
conditions alone. It is affected by household income, parental employment, maternal education, sanitation,
availability of clean water, dietary practices, access to health services and spatial characteristics of districts or
communities [1][2][3][4][5].

Indonesia has made great strides to reduce child undernutrition, but determinants vary by region. Previous
studies have described that stunting in childhood in Indonesia is associated with poverty, maternal education,
water, sanitation and hygiene conditions, and access to health services [6]. Spatial studies also suggest that
undernutrition is geographically clustered, suggesting that intervention at the district level needs to be informed
by local patterns of vulnerability rather than a uniform provincial program [7][8][9][10][11]. Therefore, a district
level vulnerability instrument is needed to consolidate multiple indicators into an interpretable decision support
measure.

The target population of the proposed index is children at the district or city level, while the unit of
analysis is the district or city administrative area. In this study, severe malnutrition and LBW are treated as health-
outcome indicators, whereas family income, unemployment, electricity access, sanitation, clean water availability,
dietary pattern, maternal education, and health service access are treated as vulnerability factors. Thus, IKGA does
not replace official nutritional status indicators; instead, it integrates multiple determinants into a district level
score that can support priority setting.

North Sumatra is a region with diverse geographical and socio economic conditions. In island areas,
coastal zones, and urban centers, districts have varying levels of access to services and household resources [10],
[11]. A single nutrition indicator for monitoring might miss out on districts having a combination of moderate
health burden and high environmental or socioeconomic risk. To overcome this limitation, a composite index can
be constructed by combining several indicators with different units into a single comparable score [12][13][14].

Several machine learning approaches have been addressed for health-risk classification, such as decision trees,
ensemble models, and clustering[15][16][17]. These methods can identify complex patterns in multidimensional
data. Nevertheless, machine learning results are often less transparent than a composite index for policy
communication. Thus, comparing a composite index with machine learning classifiers is useful for understanding
whether the index based categories can be reproduced by data driven models. Therefore, machine learning in this
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study is positioned as exploratory benchmarking to examine whether the IKGA based categories can be reproduced
from the same indicator set, not as an independent validation of the index.

Previous studies on child undernutrition in Indonesia have commonly examined individual determinants,
household factors, spatial patterns, or machine learning classification separately. Limited studies have integrated
district level health outcomes, socioeconomic conditions, environmental indicators, maternal education, service
access, sensitivity testing, and model benchmarking into a single reproducible vulnerability mapping framework.
The novelty of this study lies in the development of IKGA as an interpretable district level composite index and
its use as an analytic foundation for SI-GIZI SIGAP, a web based decision support system intended for health
offices, local stakeholders, administrators, and parents. The system is designed to provide vulnerability mapping,
regional priority ranking, child growth monitoring, and evidence based intervention support.

This study aims to develop IKGA, analyze relative vulnerability trends from 2021 to 2023, map the 2023 risk
distribution, evaluate weight sensitivity, prepare an expert validation framework, and benchmark the index based
categories with Random Forest, Decision Tree, and K-Means. The expected contribution is a transparent analytic
workflow for district level vulnerability mapping that can support data driven child nutrition decision making in
North Sumatra.

2. RESEARCH METHODOLOGY
2.1 Research Stages

The research was conducted using a quantitative descriptive approach with composite-index development and
model comparison. The unit of analysis was 33 districts or cities in North Sumatra Province, and the observation
period covered 2021, 2022, and 2023. The main stages consisted of data collection, preprocessing, indicator
transformation, normalization, weighted aggregation, risk classification, trend analysis, spatial visualization,
sensitivity testing, expert validation framework preparation, and machine learning comparison. Figure 1
summarizes the stages of the analysis.

Secondary Ratio per Min-max Weighted Risk Sensitivity &
w [1000 b\rths] [normalization] IKGA classification ML comparison

Figure 1. Research stages of the proposed IKGA framework

2.2 Data Sources and Indicators

The study used secondary district or city data. The number of births, severe malnutrition cases, and LBW cases
were obtained from the North Sumatra Provincial Health Office. Sanitation indicators were derived from
Riskesdas. Supporting socioeconomic and access variables were compiled from the research dataset and district
level statistical records. Table 1 presents the operational definitions, units, data sources, annual availability, risk
direction, and baseline weights of the indicators.

Table 1. Operational definition, source, and weight of IKGA indicators

Indicator Odpe_ra_tl_onal Unit Source Year Risk Weight
efinition
Severe Severe malnutrition Cases per 1,000 North Sumatra 2021- Positive  0.16
malnutrition cases standardized asa  births Provincial Health 2023
regional burden Office
indicator
LBW Low birth weight cases  Cases per 1,000  North Sumatra 2021- Positive  0.12
standardized across births Provincial Health 2023
districts or cities Office
Family income Average or categorical ~ Score/IDR- District level 2021- Negative 0.10
household income based category research dataset; 2023
indicator BPS aligned
statistical records
Unemployed Household heads Percentage/score  District level 2021- Positive  0.08
household head  reported as research dataset; 2023
unemployed BPS aligned
statistical records
Non-electric Households without Percentage/score  District level 2021- Positive  0.07
household electricity access research dataset; 2023
BPS aligned
statistical records
Sanitation Household sanitation Percentage/score  Riskesdas-aligned ~ 2021- Negative 0.12
or proper sanitation indicator 2023
indicator aligned
dataset
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Indicator Odpe_ra_'u_onal Unit Source Year Risk Weight
efinition
Clean water Households with Percentage/score  District level 2021- Negative 0.10
availability access to clean water research/statistical 2023
dataset; BPS
aligned records
Dietary pattern Household dietary Score District level 2021- Positive  0.08
pattern risk indicator research dataset 2023
Low maternal Mothers with junior Percentage/score  District level 2021- Positive  0.09
education high school or lower research/statistical 2023
education dataset;
BPS/Riskesdas
aligned records
Health service Access to health Percentage/score  District level 2021- Negative 0.08
access facilities or services research dataset; 2023

Health Office/BPS
aligned records

Positive-risk indicators indicate that higher values represent higher vulnerability. Negative-risk indicators
indicate that higher values represent lower vulnerability; therefore, their normalized values were reversed before
aggregation. This distinction separates health outcomes from vulnerability factors and clarifies the analytical role
of each indicator.

2.3 Indicator Transformation and Normalization

Severe malnutrition and LBW were transformed into ratios per 1,000 births to enable comparison across districts
or cities. The use of births as the denominator was based on the availability and consistency of district level
denominator data across the three observation years. Ideally, severe malnutrition should be expressed per 1,000
measured children under five. Therefore, the ratio in this study is used as an administrative proxy for regional
burden rather than as a direct prevalence estimate. This limitation was explicitly considered in the interpretation,
especially for districts with small birth denominators.

Min-max normalization was applied separately for each observation year. Thus, the IKGA score in a given
year represents the relative vulnerability position of a district or city compared with other districts or cities in the
same year. The trend analysis is therefore interpreted as a change in relative provincial vulnerability position, not
as an absolute increase or decrease in nutritional risk over time. If X; denotes an indicator value, X,,;, denotes its
minimum value, and X,,,,, denotes its maximum value across districts or cities in the same year, positive-risk
indicators were normalized using (1).

X; — Xom;
7, = 2L Zmin_ Q)

Xmax - Xmin

For negative-risk indicators, higher values indicate lower vulnerability; therefore, the normalized risk score
was reversed as shown in (2).
Xmax - Xi
Zij=—0—"—— )

Xmax - Xmin

All normalized values range from 0 to 1, where O indicates the lowest relative risk and 1 indicates the highest
relative risk for the respective indicator [18][19][20][21][22].

2.4 Weighting Rationale,Composite Index and Risk Classification

The initial weights were assigned conceptually based on the proximity of each indicator to child nutrition
vulnerability and their relevance in previous undernutrition studies. Health outcome indicators, sanitation, clean
water, and socioeconomic factors were given higher weights because they directly represent nutritional burden or
major determinants of child growth. The weighting structure was not treated as final expert validated weights;
therefore, sensitivity analysis was conducted to examine whether moderate changes in weights substantially altered
district rankings.

The Child Nutrition Vulnerability Index was computed using weighted linear aggregation. The weight
W; represents the relative contribution of indicator j, and Z; represents the normalized risk score. The index is

defined in (3).
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IKGA = Z(wj X Z;) ©)
j=1

The IKGA score ranges from 0 to 1. A higher score indicates higher relative vulnerability compared with
other districts or cities in the dataset. The 2023 IKGA was classified into three categories using tertiles: low,
moderate, and high. This classification is relative to the distribution of the 33 districts or cities and should not be
interpreted as an absolute national risk threshold.

2.5 Sensitivity Analysis, Expert Validation, and Model Comparison

Weight sensitivity was evaluated using two approaches. First, a one-at-a-time sensitivity test increased and
decreased each indicator weight by 20%, while proportionally adjusting the remaining weights so the total
remained equal to 1. Second, Monte Carlo simulation generated 3,000 random weight sets within £20% of the
baseline weights and recalculated the ranking. Stability was evaluated using Spearman rank correlation, mean rank
change, top-10 overlap, and probability of remaining in the top-10 priority group.

An expert validation framework was prepared using a 1-5 rating scale for indicator relevance and weight
feasibility. The validity metrics include item level content validity index (I-CVI1) and Aiken's V' [23] [24]. Because
real expert scores were not yet collected, the validation table in this manuscript is presented as an illustrative
framework, not as final empirical expert validation.

For machine learning comparison, Random Forest and Decision Tree were used as supervised classifiers
to reproduce the 2023 IKGA categories. K-Means with k=3 was used as an unsupervised clustering method.
Performance was evaluated using accuracy and macro-F1 for supervised and label-aligned clustering results;
adjusted Rand index and silhouette score were also reported for K-Means [25][26][27][28] .

3. RESULT AND DISCUSSION

3.1 IKGA Score and Priority Areas in 2023

The 2023 IKGA calculation produced a mean score of 0.3486 across 33 districts or cities. The highest vulnerability
score was observed in Nias (0.5573), while the lowest score was observed in Kota Binjai (0.1934). Table 2 shows
the ten priority areas based on the highest IKGA values in 2023.

Table 2. Top ten priority areas based on IKGA 2023

Rank District or city IKGA Risk Category
1 Nias 0.5573 High
2 Nias Selatan 0.5515 High
3 Toba 0.5415 High
4 Nias Barat 0.5413 High
5 Nias Utara 0.5352 High
6 Labuhan Batu Utara 0.4474 High
7 Mandailing Natal 0.4256 High
8 Tapanuli Selatan 0.4012 High
9 Padang Lawas 0.3940 High
10 Kota Gunungsitoli 0.3719 High

The priority list indicates that the Nias Islands dominate the high risk group, including Nias, Nias Selatan, Nias
Barat, Nias Utara, and Kota Gunungsitoli. This pattern is scientifically meaningful because island districts may
face structural constraints related to transportation, service distribution, household resources, and access to
sanitation and clean water. These findings are consistent with previous studies that emphasize the role of WASH
conditions, socioeconomic vulnerability, and regional inequality in child undernutrition [29][30][31][32][33][34].

Toba and Labuhan Batu Utara also appear in the top-10 list. However, their interpretation requires caution
because small denominator values can inflate ratio based indicators. The calculation therefore requires data quality
attention before the results are used for operational decision making. Table 3 summarizes the main data quality
notes considered during interpretation.

Table 3. Data quality notes in IKGA calculation

Issue Example/Source Potential Effect Handling in
Interpretation
Small birth denominator Some districts with very Inflated severe malnutrition Verify with Provincial
low birth counts in 2023 or LBW ratio per 1,000 Health Office and interpret
births as priority for data checking
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Issue Example/Source Potential Effect Handling in
Interpretation
Zero or very low Clean water or sanitation Extreme normalized risk Cross check variable
environmental values indicators in selected years score definition and consider
sensitivity analysis
Relative tertile 33 districts or cities in Risk categories are State explicitly in
classification North Sumatra provincial relative methodology and discussion
priorities, not national
thresholds

3.2 Trend of IKGA from 2021 to 2023

Figure 2 presents the average IKGA trend from 2021 to 2023. The provincial mean changed from 0.3556 in 2021
to 0.3812 in 2022 and then declined to 0.3486 in 2023. This indicates that 2022 was the year with the highest
average relative vulnerability, while 2023 showed an aggregate improvement.

Mean IKGA Tren®fd North Sumatra
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0.370 4
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Figure 2. Average IKGA trend in North Sumatra from 2021 to 2023
Figure 3 shows the temporal trajectories for the ten priority areas in 2023. Several priority districts showed a
declining trend after 2021 or 2022, but they remained relatively high compared with other districts or cities in

2023. This demonstrates that an area can improve over time while still requiring priority attention because its
relative score remains among the highest in the province.

IKGA Trend of Top Priority Areas
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Figure 3. IKGA trend of the top priority areas from 2021 to 2023
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3.3 Spatial Distribution of Risk Categories

The 2023 classification produced a balanced distribution because tertile thresholds were used. Table 4 shows
that 11 districts or cities were classified as high, 11 as moderate, and 11 as low. Figure 4 displays the point based
spatial distribution using district or city coordinates.

Table 4. Distribution of IKGA risk categories in 2023

Risk Category Number of Districts or Cities Percentage
High 11 33.33
Moderate 11 33.33
Low 11 33.33

Point-based Risk Distribution of IKGA 2023
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Figure 4. Spatial distribution of IKGA risk categories in 2023

The spatial pattern shows that high risk areas are not randomly dispersed. A concentration of high risk points
appears in the Nias Islands and several other districts. The map is a point based visualization rather than an
administrative boundary choropleth. For operational implementation, this map should be developed further using
official district boundary shapefiles and integrated into a web based dashboard.

3.4 Weight Sensitivity Analysis

Sensitivity analysis was conducted to determine whether the priority ranking was robust to moderate changes in
indicator weights. Figure 5 visualizes the mean rank change when each indicator weight was increased or decreased
by 20%. Table 5 reports the scenarios with the largest effect on ranking stability.

Weight Sensitivity Analysis

Health service access J— Scenario

- +20%
-20%

Low maternal education - —

Dietary pattern

Clean water

Sanitation

Indicator

Non-electric household

Unemployed household head

Family income

LBW/1000 births

Malnutrition/1000 births

0.0 0.1 0.2 0.3 0.4 0.5 06
Mean rank change

Figure 5. Sensitivity of IKGA ranking to 20% weight changes
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Table 5. Largest effects in the one-at-a-time weight sensitivity test

Indicator Scenario Spearman Mean Rank Maximum Top-10
P Change Rank Change Overlap

Sanitation -20% 0.9940 0.61 4 10
Sanitation +20% 0.9943 0.55 4 10
Dietary pattern +20% 0.9957 0.55 2 9
Health service +20% 0.9967 0.42 2 10
access
Clean water -20% 0.9977 0.36 2 10
Health service -20% 0.9973 0.30 3 10
access
Unemployed 0
household head -20% 0.9983 0.30 1 10
Family income +20% 0.9983 0.24 2 10

The one-at-a-time sensitivity test showed high Spearman rank correlations in all scenarios. Monte Carlo simulation
with 3,000 random weight sets produced an average Spearman correlation of 0.9957, with a minimum of 0.9860
and a maximum of 1.0000. These results indicate that the IKGA ranking is robust under moderate weight variation.
Table 5 shows that the leading priority districts had high probabilities of remaining in the top-10 group under
simulated weight changes.

Table 6. Monte Carlo ranking stability of the ten highest baseline districts

or Baseline Rank Mean MC Rank SD MC Rank Top—l_Q
Probability

Nias 1 1.41 0.55 1.00
Nias Selatan 2 2.28 0.61 1.00
Toba 3 3.24 1.71 1.00
Nias Barat 4 3.50 0.52 1.00
Nias Utara 5 4,57 0.51 1.00
Labuhan Baty 6 6.05 0.22 1.00
Utara

Mandailing Natal 7 6.95 0.22 1.00
Tapanuli Selatan 8 8.05 0.21 1.00
Padang Lawas 9 8.95 0.21 1.00
Kota Gunungsitoli 10 10.24 0.58 0.84

3.5 Machine Learning Comparison

Machine learning models were compared with the IKGA categories to evaluate whether data driven methods
could reproduce the index based risk classification. Table 7 shows that Random Forest achieved the highest
performance, followed by Decision Tree and K-Means. Figure 6 visualizes accuracy and macro-F1 across models.

Table 7. Performance comparison between supervised and unsupervised models

Model Type Accuracy Macro-F1 ARI Silhouette
Random Forest Supervised 0.727 0.724 - -
Decision Tree Supervised 0.606 0.607 - -
K-Means (k=3) Unsupervised 0.455 0.366 0.071 0.396

Model Performance Comparison

1.0 W Accuracy
Macro-F1

0.6

0.4 A
0.2 1
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X -
n Fores Dpecision WES wMmeans ==
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Figure 6. Performance comparison of machine learning models
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Random Forest achieved an accuracy of 0.727 and macro-F1 of 0.724, indicating that it was the best
model for reproducing the IKGA categories. Decision Tree produced lower but interpretable performance. K-
Means showed weaker agreement with the IKGA categories, with a silhouette score of 0.396, suggesting that the
natural cluster structure did not fully align with tertile-based risk classes. This result implies that supervised
methods are more suitable than unsupervised clustering for reproducing the proposed IKGA category system.

To clarify classification behavior, Table 8 presents the cross-validated confusion matrix of the Random
Forest model. The matrix shows that most low risk districts were correctly classified, whereas moderate and high
categories had more boundary cases because tertile-based classes are relatively close to each other.

Table 8. Confusion matrix of the Random Forest classification

Actual / Predicted Low Moderate High
Low 10 1 0
Moderate 3 7 1
High 1 3 7

Random Forest Feature Importance

A

0.00 0.02 0.04 006 008 010 0.12 014 0.16
Feature importance

Sanitation

Low maternal education
Non-electric household
Family income

LBW/1000 births

Indicator

Health service access
Dietary pattern
Malnutrition/1000 births
Unemployed household head

Clean water

Figure 7. Feature importance of the Random Forest model
Feature importance analysis indicates which indicators contributed most strongly to the Random Forest
classification. These findings can support interpretation of the IKGA framework and provide empirical input for
refining weights. However, the sample size is limited to 33 districts or cities; therefore, machine learning results
should be considered exploratory rather than definitive.
Table 9 lists the five most influential indicators identified by the fitted Random Forest model. These
variables can be used as empirical input for refining the weighting structure in future versions of the index.

Table 9. Top five Random Forest feature importance values

Rank Indicator Importance
1 Sanitation 0.167
2 Low maternal education 0.161
3 Non-electric household 0.152
4 Family income 0.147
5 LBW per 1,000 births 0.101

Feature Importance of Supervised Models

Non-electric household

Low maternal education

Health service access

LBW/1000 births

Family income

Indicator

Malnutrition/1000 births

Dietary pattern
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Figure 8. Feature importance of supervised machine learning models
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Feature importance analysis indicates which indicators contributed most strongly to the supervised
classification. These findings can support interpretation of the IKGA framework and provide empirical input for
refining weights. However, the sample size is limited to 33 districts or cities; therefore, machine learning results
should be considered exploratory rather than definitive.

3.6 Discussion and Policy Implications

The proposed IKGA demonstrates that child nutrition vulnerability is best understood as a combination of health
burden, socioeconomic conditions, environmental factors, maternal education, dietary patterns, and service access.
Districts with high scores generally do not only have high severe malnutrition or LBW ratios, they also tend to
exhibit multiple contextual disadvantages. This supports the argument that intervention planning should integrate
health and non health data rather than relying only on case counts.

The dominance of the Nias Islands in the high risk group suggests that accessibility and infrastructure
should be considered when interpreting nutrition vulnerability. In island districts, health service distribution,
transportation, household sanitation, and clean water access may be more constrained than in urban centers. This
interpretation aligns with previous Indonesian studies showing that poverty, maternal education, sanitation, and
regional context are associated with child undernutrition

The sensitivity analysis strengthens the methodological credibility of the index because the top priority
districts remained stable under moderate weight changes. However, the use of conceptual weights remains a
limitation. Future work should replace or refine the initial weights using expert validation and statistical
procedures, such as principal component analysis, entropy weighting, or analytic hierarchy process, and should
test whether revised weights improve interpretability and policy usefulness

Froma policy perspective, the IKGA can support priority setting, field validation, and resource allocation.
High risk districts can be prioritized for nutrition education, maternal child health monitoring, sanitation
improvement, clean water programs, and strengthened referral access. Moderate risk districts should be monitored
because changes in socioeconomic or environmental conditions may shift them into the high risk group. Low risk
districts still require routine surveillance because relative improvement does not mean absence of risk.

The analysis also provides a foundation for SI-GIZI SIGAP. The index can become an analytic module
that automatically calculates vulnerability scores, ranks districts, displays spatial patterns, and generates
intervention priority lists. In future work, official administrative boundary maps, real expert validation, sensitivity
adjusted weights, and longitudinal prediction models should be integrated to increase the operational value of the
system.

This study has limitations. The classification is relative to the 33 districts or cities and should not be
interpreted as an absolute risk category. Some ratios may be affected by small denominators, especially when the
number of births is very low. The point based spatial map is descriptive and does not include formal spatial-
autocorrelation testing. The expert validation component is still a framework and must be replaced with real expert
scores. Finally, machine learning evaluation is limited by the small sample size and should be interpreted as
exploratory benchmarking rather than conclusive predictive modeling.

4. CONCLUSION

This study developed the Child Nutrition Vulnerability Index (IKGA) as an interpretable composite index
framework for mapping relative district level child nutrition vulnerability in 33 districts or cities of North Sumatra
during 2021-2023. The index integrates health outcome indicators and vulnerability factors, including severe
malnutrition, LBW, family income, unemployment, electricity access, sanitation, clean water, dietary pattern,
maternal education, and health service access. In 2023, the highest relative vulnerability was observed in Nias,
while the top-priority areas were dominated by districts in the Nias Islands, indicating the importance of spatially
targeted nutrition intervention. Sensitivity analysis showed that the priority ranking was robust under moderate
weight variation, with an average Spearman correlation of 0.9957 in the Monte Carlo simulation. Random Forest
reproduced the IKGA categories better than Decision Tree and K-Means, but this result should be interpreted only
as exploratory benchmarking because it used the same indicators and a small number of districts or cities. The
proposed IKGA can support SI-GIZI SIGAP as a decision support tool for priority setting, but it should not yet be
considered an absolute risk measure until the indicator weights are validated by experts, the data are verified with
official sources, and the results are tested against independent nutritional outcomes.
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