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Purpose: Childhood stunting remains a persistent human development barrier in Indonesia. While national prevalence has declined to
19.8% as of 2024, aggregate data frequently mask profound micro-level disparities that threaten the 14% national target. A critical
research gap exists in meso-level diagnostics; traditional monitoring evaluates indicators in silos, failing to capture the systemic
convergence of interventions. We selected four principal indicators, namely Health Insurance (PBI-JKN), Food Assistance (BPNT),
Iron Supplementation, and Unmet Contraceptive Need, as they represent the essential intersection of social protection and reproductive
health required for effective prevention. This study addresses the problem of localized systemic risk, where standardized city-wide
policies fail to reach “red zones” within urban villages. Our objective was to quantify subdistrict-level inequality and identify specific
performance typologies across 22 subdistricts in Cirebon City.

Patients and Methods: We conducted a retrospective, cross-sectional analysis of 2023 administrative data. ANOVA-Simultaneous
Component Analysis (ASCA) with 1000 permutations was used to decompose variance, followed by SVD-based biplot visualization
to map the multivariate performance landscape.

Results: The subdistrict effect was statistically significant (p<0.05), with the first two components capturing 92.99% of total variance.
Biplot analysis distinguished between “access-lagging” facing structural deficits in social protection and “compliance-lagging” clusters
hampered by behavioral and service-outreach gaps.

Conclusion: Urban stunting risk is not monolithic; geography remains a decisive determinant of intervention coverage. This study
contributes to the precision public health paradigm by providing a diagnostic framework that enables local governments to move
beyond one-size-fits-all models. By identifying neighborhood-specific vulnerabilities, including administrative exclusion and beha-

vioral barriers, policymakers can implement targeted, risk-informed governance to ensure more equitable health outcomes.

Plain Language Summary: Stunting is a significant health issue that affects a child’s ability to grow and reach their full potential. In
Indonesia, national averages often hide the fact that some neighborhoods receive much more support than others. This study was done
to find these hidden gaps so that local leaders can provide better, more targeted help to every family. The researchers looked at 22
neighborhoods in Cirebon City to see how well four key programs were reaching the community. These programs include health
insurance for vulnerable families, food assistance, iron supplements for women planning to marry, and family planning services.
Instead of looking at these programs one by one, the study used a modern analytical tool to see how all these services work together in
each specific area. The results show that each neighborhood has its own unique strengths and needs. For example, some areas are very
successful at providing food aid but need more support with health supplements. Other neighborhoods have the opposite situation. This
means that a “one-size-fits-all” approach is not the best way to help children. These findings are a valuable resource for city officials.
By understanding the specific needs of each neighborhood, they can now move away from general plans and instead create “precision”
solutions. This approach ensures that resources go exactly where they are needed most, helping more families benefit from health
services and ensuring a healthier future for all children in the city.
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Introduction

Childhood stunting, a condition characterized by a height-for-age z-score (HAZ) more than two standard deviations
below the World Health Organization (WHO) Child Growth Standards median, represents one of the most persistent
barriers to human development in the Global South.' It is not merely a measure of linear growth retardation but
a “stunting syndrome” characterized by multiple pathological changes resulting from chronic nutrient deprivation,
repeated infections, and inadequate psychosocial stimulation.*”” The implications extend far beyond physical stature;
stunting is robustly associated with delayed cognitive development and diminished economic productivity in adulthood.®
Furthermore, early-life growth restriction predisposes individuals to a higher risk of non-communicable diseases (NCDs)
later in life, reinforcing an intergenerational cycle of poverty that is difficult to break.”'® Consequently, stunting
reduction is a central tenet of the Sustainable Development Goals (SDGs), specifically Target 2.2, which aims to end
all forms of malnutrition by 2030."!

The 2025 Joint Child Malnutrition Estimates (JME) released by UNICEF, WHO, and the World Bank indicate that
approximately 150.2 million children worldwide remain stunted.'* Although this represents a decline from 1990 levels,
progress has stagnated in the post-pandemic period, particularly in many Low- and Middle-Income Countries (LMICs)."?
Global research highlights a growing “urban paradox” in LMICs: while urban areas generally show better aggregate health
outcomes, rapid urbanization has created significant intra-urban inequalities. In these settings, children in “hidden cities” or
informal settlements often exhibit stunting prevalence rates that rival or exceed those found in rural areas, driven by
overcrowding, poor environmental sanitation, and limited access to quality healthcare.'* This suggests that national-level
data frequently mask significant sub-national disparities, necessitating a shift toward micro-level policy diagnostics. '

Indonesia continues to experience a high prevalence of stunting. According to the 2024 Indonesian Nutritional Status
Survey (SSGI), the national prevalence declined to 19.8%, moving below the WHO “high” public health threshold for
the first time. In response, the government issued Presidential Regulation No. 72 of 2021, a multi-sectoral strategy aiming
to reduce prevalence to 14% by 2024.'°'® This policy relies on “convergence”, defined as the simultaneous delivery of
nutrition-specific and nutrition-sensitive interventions. While this multisectoral approach is theoretically robust, its
implementation remains contested. Proponents argue that it is essential for addressing the distal determinants of stunting,
whereas critics warn that it risks becoming a “tick-box” bureaucratic exercise that prioritizes administrative compliance
over meaningful community engagement.

At the operational level, several components exhibit suboptimal performance. The Health Insurance scheme (PBI-
JKN), intended to remove financial barriers to care, is often constrained by administrative rigidity. The Food Assistance
program (BPNT), designed to improve household nutrition, is prone to targeting errors. Iron supplementation for
prospective brides, aimed at improving preconception nutritional status, suffers from low compliance due to sensory
aversion and persistent social misconceptions. Meanwhile, efforts to address unmet need for contraception remain
limited, particularly among urban working women who face significant time constraints in accessing services.

These implementation gaps are further exacerbated by regional characteristics. Coastal urban centers like Cirebon
face a “triple burden”: high population density, environmental risks such as tidal flooding (rob), and seasonal income
volatility among fishing communities. Indonesia’s decentralized governance structure amplifies these challenges, as
authority is devolved to local governments with varying capacities.'” This creates a “decentralization paradox”, where
aggregate city data mask profound micro-level inequality. For instance, a city may report moderate progress while
concealing “red zones”, defined as marginalized subdistricts where intervention coverage remains critically low.?’!

From a risk management perspective, this masked inequality represents a failure to identify and protect vulnerable
populations. Therefore, there is an urgent need for analytical tools that can peer beneath the aggregate surface and
quantify performance disparities at the specific unit of implementation: the subdistrict or village. Despite the mandate for
convergence, there is a distinct research gap regarding multivariate performance analysis at the meso-level. This study
aims to address systemic implementation failure and the increasing vulnerability of specific sub-urban groups rather than
assessing individual clinical outcomes. By identifying distinct risk typologies through four principal indicators, this

research contributes to the development of precision public health strategies for targeted urban governance.”>*
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Materials and Methods
Methodological Rationale and Study Design

Evaluating the performance of convergent policies like Presidential Regulation No. 72 of 2021 requires multivariate
methods capable of analyzing multiple indicators simultaneously. This study employs ANOVA-Simultaneous Component
Analysis (ASCA), a method originally developed in chemometrics to decompose variance in complex experimental
designs.** ?® ASCA is uniquely suited for health systems research because it mathematically separates the variation
attributable to administrative units (the “Subdistrict Effect”) from residual noise.”*® This separation is crucial for risk
management; if the subdistrict effect is significant, it proves that inequalities are structural and systemic, rather than
accidental, thereby mandating a specific governance response. To translate these complex data into actionable insights for
local planners, we utilize SVD-based biplots derived from Principal Component Analysis (PCA) to map subdistricts and
indicators in a common geometric space, identifying specific service-delivery failure modes.?

The study was designed as a quantitative, descriptive-exploratory evaluation of public health policy implementation at
the meso-level (subdistrict). This study contributes to the literature on Risk Management and Healthcare Policy by
demonstrating how advanced multivariate techniques can be repurposed to support “precision public health”, enabling
local governments to transition from blanket interventions to targeted, data-driven strategies that directly address the
inequalities hindering the achievement of the SDGs.

Research Objectives
This research focuses on Cirebon City, a strategic urban center on the north coast of Java, Indonesia, characterized by
high density and heterogeneous service delivery. The study aims to:

1. Quantify Inequality: Determine the magnitude of disparity in intervention coverage across 22 subdistricts.

2. Test Significance: Apply the ASCA permutation test to assess if performance differences are statistically
significant.

3. Map Risk: Construct biplots to identify typologies of success and failure to inform targeted policy responses.

Data Collection And Analysis

Data Source and Timeframe

This study utilizes secondary administrative data from the 2023 fiscal year, compiled by the Regional Development
Planning, Research, and Innovation Agency of Cirebon City. The dataset captures the performance of stunting conver-
gence actions across all 22 subdistricts. All variables are continuous, expressed as percentages ranging from 0 to 100,
forming a data matrix X of dimensions 22 x 4.

Variable Justification

The selection of indicators is strictly aligned with the convergence mandate of Perpres 72/2021, targeting the preconcep-
tion and reproductive phases as a form of “upstream” risk management. The four indicators represent a strategic mix of
“sensitive” (social protection) and “specific” (health sector) interventions, as presented in Table 1.

Table | Selected Indicators for Stunting Prevention Among Couples of Reproductive Age

Indicator Name Category | Theoritical & Policy Justification

Health Insurance Coverage (Percentage of poor and Sensitive Financial Risk Protection: Universal Health Coverage (UHC) is a pillar of
socially vulnerable couples enrolled as PBI-JKN the SDGs. For vulnerable families, the cost of healthcare is a barrier to
beneficiaries) accessing Antenatal Care (ANC).30 The PBI (Penerima Bantuan luran)

scheme ensures that the poorest segments of the population have free
access to health facilities. High coverage here indicates effective social
registry management (DTKS) and financial protection.

(Continued)
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Table 1 (Continued).

Indicator Name Category | Theoritical & Policy Justification
Food Assistance Coverage (Percentage of couples Sensitive Food Security: Household food insecurity is a proximal cause of maternal
receiving Non-Cash Food Assistance) undernutrition. The BPNT program provides electronic vouchers for

purchasing nutritious foods (eggs, rice). This intervention aims to
stabilize the macronutrient intake of potential mothers, reducing the risk
of Chronic Energy Deficiency (CED) during pregnancy.’

Iron Supplementation (Percentage of prospective brides/ | Specific Preconception Health: Anemia in pregnancy is a leading cause of Low
grooms consuming Iron Tablets) Birth Weight (LBW) and stunting.>? Perpres 72/2021 mandates the
screening and supplementation of prospective brides via the “Elsimil”
application to ensuring women enter pregnancy with adequate iron
stores. This reflects the specific health sector’s reach into the

community.
Unmet Need/Non-Use (Percentage of couples of Specific Reproductive Health Risk: Short birth intervals and high parity deplete
reproductive age not using contraception) maternal nutritional reserves (“maternal depletion syndrome”),

significantly increasing stunting risk for subsequent children.® Ensuring
access to family planning is a critical prevention strategy. This variable is
a negative indicator; higher values represent higher risk.

Data Preprocessing
The data matrix X was column-centered. Centering involves subtracting the city-wide mean from each variable. The
calculation method is as follows: X;ceperedy = Xij — X;. This transformation removes the offset (the average performance

level) and focuses the analysis purely on the variation or disparity between subdistricts.

ANOVA-Simultaneous Component Analysis (ASCA)

ASCA is a method generally used in the analysis of metabolomics data from designed experiments to separate variation
due to experimental factors (eg., time, dose) from residual noise.?*2® However, its mathematical properties make it
highly suitable for regional disparity analysis. In this study, the “experimental factor” is the administrative unit (the
Subdistrict). The ASCA model decomposes the data matrix X into additive matrices: X = 1m” + X paisnicc + E

By calculating the Sum of Squares (SS) for each matrix, we can quantify the “importance” of the subdistrict effect.
A high percentage of variance explained by X, s4isricr indicates that geography (where one lives) is a massive determinant
of intervention coverage.

The row labels (subdistrict names) of the data matrix were randomly reshuffled 1,000 times. This destroys the
biological/administrative structure of the data while preserving its statistical distribution. For each permutation, the
ASCA model was recalculated, and the Sum of Squares for the subdistrict effect (SSypdgistricr) Was recorded to create
a “null distribution”..

The observed SSq,paisiic: from the original (un-permuted) data was compared to this null distribution. A p — value was
calculated as the fraction of permuted SS values that exceeded the observed SS. A result of p<0.05 indicates that the
observed inequality between subdistricts is statistically significant and unlikely to have arisen by chance.?’

Principal Component Analysis (PCA)

Once the subdistrict effect was proven significant, Principal Component Analysis (PCA) was applied specifically to the
matrix Xgpaisics. Lhis differs from applying PCA to raw data. By applying it to the effect matrix, the resulting Principal
Components (PCs) focus exclusively on the patterns of disparity between the administrative units. The PCA decomposes
the effect matrix into Scores (T) and Loadings (P). Xgupdiswicc = TP?. Scores (T) represent the coordinates of each
subdistrict in the reduced dimensional space, Loadings (P) represent the contribution of each indicator (Insurance, Food,
Iron, Contraception) to the components.
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SVD-Based Biplot Visualization
The final output is a Biplot, constructed using Singular Value Decomposition (SVD). The biplot is a graphical display that
simultaneously represents the n observations (subdistricts) and the p variables (indicators) in a 2-dimensional space.**?
This visual tool allows for the identification of “risk clusters”, defined as groups of subdistricts that share specific
failure modes (eg., high social aid but low contraceptive use), thereby directly supporting policy decision-making.
All statistical analyses, including ASCA, PCA, and biplot visualization, were conducted using R Studio (version

2025.05.1+513).

Results

Descriptive Statistics

The analysis of the four stunting intervention indicators across the 22 urban villages of Cirebon City reveals distinct
patterns of coverage and variability (Table 2). These indicators are established in the literature as key determinants of
stunting reduction: health insurance (PBI-JKN) ensures financial access to prenatal care; food assistance (BPNT)
addresses household food security; iron supplementation optimizes preconception health; and managing unmet contra-
ceptive need prevents maternal depletion syndrome. In a dense, heterogeneous coastal hub like Cirebon, these factors are
critical for achieving SDG 2 (Zero Hunger) and SDG 3 (Good Health and Well-being) at the micro-level.

The health insurance indicator shows a moderate mean coverage of 59.55% with relatively low variability (CV =
0.12). Although coverage is not yet universal, the relatively narrow dispersion across subdistricts (range: 41.82-77.15%)
suggests that enrollment in the subsidized national health insurance scheme is implemented with relative administrative
consistency across the city. In contrast, food assistance coverage exhibits a lower average (15.79%) but also exhibits low
relative variability (CV = 0.11), with a limited range across subdistricts (12.30-19.40%).

Iron supplementation among prospective brides shows substantial variability, with a mean of 68.06% and a high
coefficient of variation (CV = 0.33). Coverage ranges widely from 26.14% to 100%, This sharp contrast between
subdistricts suggests uneven program implementation and behavioral compliance, identifying iron supplementation as
a primary driver of inequality in Cirebon’s prevention efforts. Such variability signals elevated policy risk, as subdistricts
with low coverage may undermine citywide stunting reduction goals.

The unmet need indicator exhibits the highest relative variability (CV = 0.41), despite having a low mean value
(12.31%). The wide range (3.37-23.76%) reflecting pronounced disparities in access to or utilization of family planning
services across the administrative landscape.

Decomposition of Variance and Significance Test

The permutation test (1,000 permutations) yielded a p — value of p<0.001. This result confirms that the observed
subdistrict effect is highly statistically significant, allowing us to reject the null hypothesis that intervention coverage is
uniform across the city. The differences between subdistricts are structural and systemic, necessitating a targeted
“precision public health” response rather than generalized municipal strategies.

Table 2 Descriptive Statistics of Stunting Intervention Indicators Across Urban Villages

Indicator Mean (%) | Std. Dev | Min (%) | Max (%) | Coefficient of Variation (CV)
Health Insurance 59.55 7.44 41.82 77.15 0.12
Food Assistance 15.79 1.89 12.30 19.40 0.11
Iron Supplementation | 68.06 22.92 26.14 100.00 0.33
Unmet Need 12.31 5.05 3.370 23.76 0.41

Notes: Coefficient of variation (CV) was calculated as the ratio of the standard deviation to the mean and was used as an
indicator of relative variability across subdistricts.
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Table 3 Variance Explained by Principal Components

Component | Variance Explained (%) | Cumulative Variance (%)
PC I 67.03% 67.03%
PC 2 25.96% 92.99%
PC 3 6.82% 99.82%
PC 4 0.18% 100.00%

Notes: Bold values indicate the principal components (PCI| and PC2) retained for inter-
pretation, which together explain 92.99% of the total variance and justify the use of a two-
dimensional biplot.

Principal Component Analysis (PCA) of the Subdistrict Effect

Given the significant subdistrict effect, PCA was applied to the effect matrix to summarize the multivariate structure. The
analysis indicated that the variation is highly structured and low-dimensional. As shown in Table 3, the first two principal
components (PCs) explain 92.99% of the total variance.

Table 3 summarizes the variance explained by each principal component derived from the ASCA subdistrict effect
matrix. The high cumulative variance explained by PC1 and PC2 (92.99%) confirms that a two-dimensional biplot is an
adequate and robust tool for visualizing the performance landscape. Higher-order components contribute marginally
(<7%) and were therefore excluded from further interpretation.

Biplot Visualization and Typology ldentification

A PCA biplot based on the first two components was constructed to jointly visualize subdistricts and intervention
indicators (Figure 1). The biplot provides an integrated representation of both the magnitude and direction of the
relationships between subdistricts and intervention coverage patterns.

Based on their relative positions in the biplot, subdistricts can be broadly grouped into distinct performance profiles.
Harjamukti and Kesambi cluster in the same direction as the vectors for iron supplementation and unmet need,
identifying them as “compliance-lagging” areas where behavioral and service outreach challenges are prominent.
Given that unmet need is measured as a case indicator, their alignment with this vector indicates a higher burden of
unmet need in these subdistricts.

In contrast, Lemahwungkuk and Kejaksan are positioned in the opposite direction to the food assistance and iron
supplementation vector, indicating relatively lower coverage of this structural intervention. This positioning supports
their classification as “access-lagging” areas, where administrative exclusion and limited reach of social protection
programs are likely to be key constraints.

Pekalipan shows a strong alignment with the health insurance vector along the second principal component,
suggesting that it represents a subdistrict with comparatively stronger performance in health insurance coverage rather
than merely an intermediate profile.

This typological differentiation highlights that subdistrict disparities are not uniform across intervention domains.
Instead, each subdistrict exhibits a distinct combination of strengths and weaknesses, underscoring the need for
geographically tailored policy responses rather than uniform, city-wide strategies.

Discussion

This study demonstrates that childhood stunting intervention coverage in Cirebon City is significantly determined by subdistrict
administrative boundaries (p<0.05), confirming that intra-urban inequality is structural rather than random. The finding that the
subdistrict effect explains over 92% of the multivariate variance supports the “urban paradox” hypothesis in Low- and Middle-
Income Countries (LMICs), where aggregate city-level success often masks deep pockets of deprivation in specific
neighborhoods.*® From a risk management perspective, these subdistricts function as “units of failure” where the convergence

mandated by national policy (Perpres 72/2021) breaks down due to localized administrative and behavioral barriers.®’
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Figure | Biplot of subdistrict effects based on ASCA-derived principal components for stunting intervention indicators. Points represent subdistricts (I = Harjamukti; 2 =
Lemahwungkuk; 3 = Pekalipan; 4 = Kesambi; 5 = Kejaksan), while vectors represent intervention indicators (health insurance, food assistance, iron supplementation, and unmet
need). Bold labels denote the intervention indicators, while non-bold labels represent subdistricts. The first two principal components explain 92.99% of the total variance.

The finding that the subdistrict effect explains a large proportion of total variance aligns with prior public health
research showing that aggregated city- or district-level indicators often mask critical intra-urban inequalities. Urban
settings, particularly in low- and middle-income countries, frequently exhibit sharp contrasts in access to social
protection and health services within relatively small geographic areas.’®?° This study extends that literature by
providing a multivariate, variance-based confirmation of such disparities, rather than relying on univariate comparisons
or rank-based assessments.

The biplot-based typology highlights that subdistricts do not simply fall along a single gradient of “good” versus
“poor” performance. Instead, distinct performance profiles emerge. Some subdistricts exhibit relatively strong coverage
in social protection indicators but lag in reproductive health compliance, while others display the opposite pattern. This
finding has direct policy relevance, as it suggests that uniform intervention strategies are unlikely to be effective.
Subdistricts facing compliance-related challenges may require behaviorally focused interventions, such as intensified
counseling, community engagement, or service delivery redesign, whereas access-lagging areas may benefit more from

administrative reforms and improved targeting mechanisms.

Decomposing the Determinants: A Multi-Indicator Analysis
To translate these findings into concrete strategies, it is essential to interpret the performance of each selected indicator
within the urban context of Cirebon:

Risk Management and Healthcare Policy 2026:19 https: 7
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1. Food Assistance (BPNT): The biplot positions Lemahwungkuk and Kejaksan in the opposite direction of these
structural vectors. This supports their classification as “access-lagging” subdistricts, where the primary risk lies in
administrative exclusion rather than program availability. In coastal subdistricts like Lemahwungkuk, this often
reflects errors in the social welfare registry (DTKS) or the administrative invisibility of mobile fishing commu-
nities and informal settlers who may lack local identity cards.*® Strategy: For these areas, the city government
should prioritize “data sweeping” and mobile registration units to ensure that seasonal income volatility in fishing
households does not lead to nutritional shocks due to lack of insurance or food aid.

2. Iron Supplementation Compliance: This indicator exhibited the highest policy risk due to massive variability (CV
= 0.33). The biplot shows that Lemahwungkuk and Kejaksan are positioned in the opposite direction to the iron
supplementation vector, suggesting relatively lower coverage of this intervention. This pattern reinforces their
classification as “access-lagging” areas, where the primary constraint lies in limited reach or administrative access
rather than behavioral non-compliance. In these more developed, peri-urban subdistricts, low compliance often
stems from a “tick-box” mentality in the “Elsimil” application usage, where couples register to fulfill marriage
requirements but do not substantively consume the supplements due to sensory aversion or lack of persuasive
education.*' Strategy: Transition from reporting-based incentives to outcome-based metrics for the Tim
Pendamping Keluarga (TPK), focusing on verified consumption and intensive preconception counseling.

3. Unmet Need for Contraception: Showing the highest relative variability (CV = 0.41), this indicator also clusters
toward Harjamukti and Kesambi. This reflects a failure of service outreach to accommodate the “time poverty” of
urban working women in commercial hubs. Despite being physically close to health centers, women in these areas
may face logistical barriers related to work schedules or clinic operating hours.**** Strategy: Implementation of
“twilight clinics” (Posyandu Sore/Malam) or workplace-based family planning services to bridge the “last mile” of
service delivery.

4. Health Insurance (PBI-JKN): The biplot illustrates that the subdistricts of Kejaksan, Harjamukti, and Kesambi are
positioned inversely to the health insurance vector, indicating a significant coverage deficit in these administrative
units. In the case of Kejaksan, this spatial orientation confirms an “access-lagging” typology, where the primary
risk to stunting intervention performance is structural exclusion. This pattern often stems from administrative
bottlenecks and the systemic exclusion of residents in the informal sector or high-density settlements from the
social welfare registry. Strategy: utilizing mobile service units to reach marginalized households and prioritizing
aggressive synchronization of the Integrated Social Welfare Data (DTKS) to close the health protection gap.**

The typological differentiation revealed by the ASCA biplot, namely access-lagging (structural deficits) versus com-
pliance-lagging (behavioral gaps), provides a formal roadmap for targeted governance. Uniform municipal strategies are
inherently inefficient in a heterogeneous environment like Cirebon. Instead, this study advocates for a Precision Public
Health framework where resource allocation is informed by the specific risk profile of each subdistrict cluster.

By separating the “Subdistrict Effect” from random noise using ASCA, local planners can identify precisely which
neighborhoods require administrative reforms and which require intensive community engagement. This risk-informed
approach maximizes the impact of the municipal budget and ensures that interventions are tailored to the unique socio-
geographic characteristics of each urban village, directly supporting the achievement of the Sustainable Development
Goals (SDGs).

Several limitations should be acknowledged. First, the analysis relies on secondary administrative data, which may be
subject to reporting inaccuracies or inconsistencies across subdistricts. Second, the cross-sectional design precludes
causal inference and limits the ability to assess temporal dynamics in intervention performance. Third, the analysis
focuses on a limited set of indicators targeting couples of reproductive age; while these indicators are strategically
important within the lifecycle approach to stunting prevention, they do not capture the full spectrum of determinants
influencing child growth outcomes. Future research could extend this framework by incorporating longitudinal data,
additional indicators, or outcome measures such as stunting prevalence itself.

Despite these limitations, the findings provide actionable insights for local health governance. By identifying
structurally distinct risk profiles at the subdistrict level, this study supports a shift from blanket intervention models
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toward targeted, risk-informed policy design. Such an approach is consistent with the principles of precision public health
and is particularly relevant for urban settings characterized by heterogeneous populations and constrained resources.

Conclusion
This study provides empirical evidence that inequality in stunting intervention coverage in Cirebon City is a systemic risk
driven by subdistrict-level administrative and behavioral factors. The application of ANOVA-Simultaneous Component
Analysis (ASCA) successfully isolated a significant subdistrict effect (p<0.05), confirming that the administrative unit of
residence is a decisive determinant of health equity. The resulting biplot-based typology demonstrates that a “one-size-fits
-all” approach is insufficient for complex urban environments.

To accelerate progress toward the 14% national stunting target, local governance must transition to a Precision Public
Health strategy with the following indicator-specific policy alignments:

1. Structural Access (Food Assistance and Health Insurance): For “access-lagging” subdistricts such as
Lemahwungkuk, Kejaksan, Harjamukti, and Kesambi, the primary challenge lies in administrative exclusion
and limited program reach. Errors in the social welfare registry (DTKS) and the administrative invisibility of
mobile or informal populations reduce effective coverage of both food assistance and health insurance programs.
Policymakers should implement integrated “data sweeping” initiatives, strengthen DTKS synchronization, and
deploy mobile registration and service units to ensure that vulnerable populations are accurately identified and
enrolled in social protection programs.

2. Behavioral Compliance (Iron Supplementation): For compliance-lagging subdistricts like Lemahwungkuk and
Kejaksan, the focus must shift to overcoming behavioral barriers in iron supplementation by incentivizing the TPK
based on verified consumption rather than administrative reporting.

3. Service Reach (Unmet Need for Contraception): To manage reproductive health risk in commercial hubs like
Harjamukti and Kesambi, city authorities should implement “twilight clinics” or workplace-based family planning
services. This strategy specifically targets the “time poverty” of urban working women who face logistical barriers
despite physical proximity to health centers.

The integration of ASCA with PCA and SVD-based biplot visualization enables a nuanced characterization of subdistrict
performance, revealing distinct typologies rather than a simple linear ranking. These findings suggest that a one-size-fits-
all policy approach is insufficient to address the heterogeneous challenges faced by urban subdistricts. Instead, targeted
strategies that differentiate between access-related and compliance-related gaps are required to accelerate progress
toward stunting reduction targets.

Abbreviations
ASCA, ANOVA-Simultaneous Component Analysis; CV, Coefficient of Variation; PCA, Principal Component Analysis;
PC, principal component; PUS, couples of reproductive age.
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