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ABSTRACT

Climate change has intensified environmental pressures in urban coastal areas, particularly in DKI
Jakarta, where recurrent flooding, tidal inundation, and heat extremes threaten urban
sustainability. This study developed a Household Climate Resilience Index (HCRI) to assess the
resilience of urban households to climate-related hazards using a robust principal analysis (RPCA)
framework. The analysis was based on household survey data from 221 respondents across 17 urban

component analysis,
urban adaptation
vulnerability

villages in Jakarta, encompassing four resilience dimensions: exposure, sensitivity, incremental
adaptation, and transformational adaptation. RPCA with a minimum covariance determinant
estimator was applied to minimize the influence of outliers and ensure stable component
estimation. The results reveal clear spatial heterogeneity in resilience, characterized by a distinct
north—south gradient: northern coastal areas such as Kamal, Koja, and Pluit show the lowest
resilience due to high flood exposure and land subsidence, whereas central and southern areas
exhibit stronger adaptive capacity. The key determinants of resilience include flood frequency,
household education levels, per-family expenditure, and proactive adaptation behaviors. The
Kendall correlation test (t = 0.518, p = 0.015) confirmed a significant positive association between
flood occurrence and low resilience levels. The developed HCRI provides a robust, data-driven
framework to support targeted climate adaptation policies and urban resilience planning in Jakarta,
Indonesia. HCRI outputs, together with the identified key determinants (flood frequency, education,
per-family expenditure, and proactive adaptation), can guide the prioritization of urban
environmental management and adaptation investments in the most vulnerable urban villages,
including drainage upgrading, land subsidence control, and coastal protection.

Introduction

Climate change has intensified environmental pressures worldwide, as indicated by an approximate 1.1 °C
increase in the global mean temperature relative to the pre-industrial era and the escalating frequency and
intensity of extreme events, including floods, droughts, and sea-level rise [1-6]. In urban contexts, these
hazards interact with long-standing stresses, such as ecosystem degradation, declining environmental
quality, and service deficits, thereby weakening the ecological functions that support urban sustainability [7—
9]. Coastal megacities are particularly exposed because risk is shaped not only by climatic forcing but also by
the balance between environmental carrying capacity, infrastructure provision, and rapidly growing human
demands, which together determine the magnitude and distribution of impacts [10,11]. Accordingly,
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strengthening adaptive capacity and resilience has become a strategic agenda for sustaining urban ecological
functions and aligning development pathways with SDG 11 and 13 [3,6].

Resilience is widely recognized as a core lens for understanding how socio-ecological systems absorb
disturbances, reorganize, and maintain essential functions during climate-related shocks [5,12]. In cities,
resilience is multidimensional, integrating physical, social, economic, and institutional components, as well
as the role of ecosystems and nature-based solutions in buffering hazards [7-9,13,14]. Because households
represent the smallest socio-ecological unit, they experience hazards directly and respond through daily
coping and adaptation, making household-scale evidence essential for assessing resilience in an operational
and policy-relevant manner [15,16]. Importantly, household resilience in a coastal megacity is inseparable
from the performance of urban environmental management systems, particularly drainage and pumping
capacity, groundwater governance for land subsidence control, and coastal protection, because these
systems shape the frequency, duration, and severity of hazards that households ultimately face [17-20].

In Indonesia, composite index approaches have been applied to assess urban climate resilience, including the
Climate Disaster Resilience Index (CDRI) in Semarang [21]. Such work underscores that resilience emerges
from the interaction between household resources and broader urban systems, including public services and
governance [21]. However, DKI Jakarta faces a more complex risk environment: rapid urbanization coincides
with land subsidence, seawater intrusion, and extreme rainfall, while socioeconomic inequality and dense
informal settlements reinforce vulnerability and generate pronounced intra-urban heterogeneity [17-20].
These characteristics motivate household-based assessments as a necessary basis for identifying spatially
heterogeneous resilience patterns and supporting targeted adaptation prioritization [16,22,23].

Despite the growing use of composite indices, two gaps remain salient in Indonesia’s coastal megacities. First,
many indices are operationalized at aggregated spatial scales that can mask intra-urban variation in exposure
and adaptive capacity, thereby limiting policy targeting [9,15]. Second, indicator-weighting schemes are
frequently sensitive to non-normality and multivariate outliers, which are common in household and
environmental datasets. Under such conditions, a small subset of extreme observations can rotate the
principal directions and destabilize weights, with implications for inference and prioritization [24—-26]. These
challenges are especially consequential for Jakarta, where hazard exposure and socioeconomic distributions
tend to be heterogeneous and heavy-tailed across space [6,13].

To address these gaps, this study developed and validated a Household Climate Resilience Index (HCRI) for
DKI Jakarta using a four-dimensional framework comprising exposure, sensitivity, incremental adaptation,
and transformational adaptation [27]. To reduce the subjectivity associated with expert judgment weighting,
we employed a reproducible, data-driven weighting approach based on a multivariate structure [27,28].
Specifically, the index is constructed using robust principal component analysis (RPCA), in which the location
vector and covariance matrix are estimated robustly (e.g., via Minimum Covariance Determinant/ MCD-type
estimators) so that component extraction and indicator weights are less sensitive to multivariate
contamination than classical covariance-based PCA (principal component analysis) [24,29,30]. In addition,
robustness considerations are addressed through sensitivity checks that examine whether key HCRI
(Household Climate Resilience Index) patterns and determinant relationships remain stable under reasonable
alternative specifications [24,30]. From an urban environmental management perspective, the HCRI is
intended to translate household-level resilience evidence into actionable prioritization by linking resilience
deficits to system-level levers, including drainage improvement, land subsidence control through
groundwater governance, and coastal protection in highly exposed neighborhoods [6,18].

As an explicit scope limitation, this analysis focuses on mainland Jakarta and excludes island households;
therefore, the findings and policy implications are intended to represent resilience dynamics in the urban
mainland context rather than the distinct exposure profiles and governance conditions of island communities
[18,27].

Materials and Methods

Study Area

Geographically, Jakarta lies between 5°19'12"-6°23'54" S and 106°22'42"-106°58'18" E, with an average
elevation of 7 m above sea level. As shown in Figure 1, Jakarta, the capital city of Indonesia, covers 662.33
km? and consists of five municipalities and one regency, subdivided into 44 districts and 267 urban villages
[31]. The city borders Depok, Bogor, and Bekasi to the south and east, Tangerang to the west, and the Java
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Sea to the north of Jakarta. Situated on Java Island within the Pacific Ring of Fire, Jakarta is highly vulnerable
to natural hazards such as flooding, land subsidence, and earthquakes, as well as non-natural risks, such as
urban fires. The Indeks Risiko Bencana Indonesia (IRBI) in 2021 recorded a score of 60.43, classifying Jakarta
as medium risk, with a declining trend since 2015, reflecting the city’s ongoing efforts to strengthen disaster
resilience, infrastructure, and community preparedness [17].
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Figure 1. Study area and administrative boundaries of Jakarta, Indonesia. This map shows the Special Capital Region
of Jakarta, including the five administrative municipalities (North, West, Central, East, and South Jakarta), with the
sample villages highlighted in beige. Provincial boundaries and the adjacent sea are included to provide geographic
and administrative context. The inset maps indicate the location of Jakarta within Java Island and Indonesia,
emphasizing the spatial setting of the study area used in this research.

Data Collection Methods

The case study was conducted in DKI Jakarta, which comprises five municipalities with distinct climate risk
profiles, ranging from highly vulnerable coastal areas in the north [18]. The HCRI was developed using
household survey data on disaster risks related to climate change impacts, collected in 2022 by the Centre
for Climate Risk and Opportunity Management in Southeast Asia and the Pacific (CCROM-SEAP), IPB
University, in collaboration with Dinas Lingkungan Hidup DKI Jakarta (DLH DKI Jakarta). Urban villages were
selected using an urgency-based vulnerability stratification derived from Jakarta’s multi-hazard climate risk
profile (floods, droughts, tidal inundation, and extreme heat). This stratification was designed to ensure that
the survey captured meaningful contrasts in the “exposure—sensitivity—adaptive capacity” framework that
underpins the HCRI, so that sampled locations represent variation in hazard pressure (exposure), baseline
fragility (sensitivity), and household coping/adjustment options (incremental and transformational
adaptation). The urgency scenarios and vulnerability levels summarized in Tables 1 and 2 therefore function
as the sampling frame to capture spatial heterogeneity in climate-related household resilience across
municipalities, rather than as purely administrative descriptors.
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Table 1. Distribution of urban villages across vulnerability levels under different urgency scenarios in Jakarta. This
table presents the number of urban villages classified into vulnerability levels 1-7 for each urgency scenario, where
each scenario represents a different combination of climate-related hazards, including flood, drought, tidal flood, and
extreme heat. It also reports the total number of urban villages associated with each scenario, allowing comparison
of how vulnerability is distributed across hazard combinations. Overall, most urban villages are concentrated in the
intermediate vulnerability categories, particularly level 3, indicating that moderate vulnerability is more common than
very high vulnerability across the study area.

Population
No Urgency Type of urgency Vulnerability level Number of urban villages

1 2 3 4 5
1 1la Flood Drought Tidal flood 1 1
2 1b Flood Drought Extreme heat 1 5 2 8
3 1c Flood Tidal flood Extreme heat 3 3
4 2a Flood Drought 2 1 3
5 2b Flood Tidal flood 1 3 1 5
6 2c Flood Extreme heat 2 8 5 3 1 19
7 2d Drought Tidal flood 1 1
8 2e Drought Extreme heat 5 1 1 7
9 3a Flood 2 9 6 6 2 25
10 3b Drought 1 1 2
11 3¢ Tidal flood 1 4 5 2 12
12 3d Extreme heat 13 20 5 1 39
13 4- 8 31 54 31 9 3 136

Table 2. Distribution of selected urban villages across vulnerability levels in Jakarta. This table presents the selected
sample urban villages and their classification across vulnerability levels 1-7 in the study area. Each urban village is
placed under its corresponding vulnerability level, while the color scheme indicates its administrative municipality,
namely West Jakarta, North Jakarta, South Jakarta, Central Jakarta, and East Jakarta. The table demonstrates that the
selected samples represent multiple vulnerability categories and administrative areas, supporting the spatial and
categorical diversity of the study sample.

Sample
No Number of urban Vulnerability level
villages 1 2 3 4 5 6 7
1 1 Koja
2 1 Cilandak Timur
3 1 Kamal
4 1 Rawa
Terate
Tanjung
> 1 Priok
6 2 L EULELY Semanan
Utara
7 1 Marunda
Duri
8 ! Selatan
Karet .
9 2 R Jatinegara
10 1 Kampung Bali
11 1 Pluit
12 2 Ulujami Krendang
13 2 Ragunan Malaka
Jaya
Legends:
West North South Central East

Jakarta Jakarta Jakarta Jakarta Jakarta
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Jakarta’s population reached 10,609,781 in 2021, with annual growth rate of 0.57%. It is the most densely
populated province in Indonesia, with a population density of 15,978 persons per km? [32]. The household
resilience survey was conducted in 2022. The survey sample was determined using Slovin’s formula, using
population 2.770.729 households and e = 5%, the resulting sample comprised 400 respondents, comprising
221 mainland households, 26 island households, and 143 business units from 17 mainland and 4 island
villages [33]. For the analytical model in this paper, we restricted the unit of analysis to 221 mainland
households to (i) maintain a consistent household-based resilience construct (excluding business units with
different exposure and decision logics) and (ii) ensure spatial feasibility for localized multivariate estimation,
where each location requires a sufficient number of neighboring observations to form a stable geographically
weighted covariance structure. This study focuses on 221 mainland households to ensure a sufficient number
of neighbors for geographically weighted principal component analysis (GWPCA) in future research.
Respondents represented three income groups—lower-middle, middle, and upper-middle—to capture
income-based heterogeneity in the climate change impacts. This mainland focus also implies a scope
limitation: the resulting HCRI patterns are intended to represent resilience dynamics in urban mainland
Jakarta, while island households—whose exposure pathways and governance contexts differ—are not
generalized from this analysis.

Survey Instruments and Field Procedures

Data were collected through structured face-to-face interviews using a final household questionnaire [33].
Household locations were recorded as X—Y—Z coordinates using the GPS Essentials application on a mobile
phone. The instrument was organized into sequential modules covering (A) household sociodemographic
characteristics; (B) housing conditions, including enumerator-based observation of building characteristics
and on-site measurement of building and land area (length x width); (C—E) flood experience, adaptation
responses, and flood impacts; and (F) flood exposure/potential flood damage measured with a building tape
(e.g., house elevation relative to street and permanent doorstep barrier height). The questionnaire uses
mixed response formats (binary, ordinal, and continuous entries in physical units and monetary values) and
includes explicit skip instructions and multi-response items, which improves field consistency and enables
replication. Enumerators received structured training not only on the questionnaire content and coding rules
but also on field implementation procedures, including trial interviews to standardize probing, skip-pattern
execution, and the measurement/observation components of the instrument.

Pre-Processing Data

Before the analysis, data preprocessing was performed in two stages. First, because the questionnaire
produced both numerical and categorical measures, whereas classical PCA can be applied only to numerical
data, ordinal categorical items were transformed to an interval scale using the method of successive intervals
(MSI) [34]. This procedure yields continuous scores that preserve the rank order of the original responses and
make the variables compatible with PCA. The MSI transformation was applied consistently across all ordinal
indicators so that the subsequent covariance estimation reflected comparable measurement scales rather
than mixed-scale artifacts. Second, multivariate outliers were diagnosed using a robust Mahalanobis distance
[26]. Observations with distances exceeding a reference threshold, for example, the quantile of the chi-
squared distribution with degrees of freedom equal to the number of variables, were flagged for further
review prior to PCA. Importantly, flagged observations were not mechanically deleted; instead, outlier
screening was used to motivate robust covariance estimation so that component directions were not
dominated by a minority of extreme multivariate profiles, while households remained available for scoring
and spatial mapping. These steps aimed to reduce the influence of extreme observations on the covariance
estimation and principal component vectors, thereby improving the stability of the analysis.

Robust PCA Model Settings

This study adopts RPCA by estimating the location vector and covariance matrix using the MCD estimator, so
that indicator weights are less sensitive to multivariate contamination than those obtained from classical
covariance-based PCA. Conceptually, this choice is preferable to expert-based weighting when the objective
is a reproducible, data-driven weighting scheme, and it is preferable to classical PCA when extreme
observations can exert disproportionate leverage on the covariance structure and rotate the principal
directions. PCA is commonly formulated for an n x p data matrix X, whose columns are the p observed
variables. The first principal component is defined as the linear combination Xa that attains the maximum
variance among all such combinations, where var(Xa) = a’Sa and S is the sample covariance matrix. Under
the unit-norm constraint a’a = 1, this maximization leads to the eigenvalue problem Sa = Aa: the loading
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vector a is an eigenvector of S, and the corresponding eigenvalue A equals the variance explained by that
component; therefore, the first component corresponds to the largest eigenvalue 1, and its eigenvector a,
[25]. Equivalently, PCA can be expressed through the singular value decomposition (SVD) of the column-
centred data matrix X*, where (n — 1)S = X*'X*; the right singular vectors of X*coincide with the eigenvectors
of S (the principal components loadings), and the component scores are obtained as X*4, with component
variances equal to squared singular values divided by n — 1 [25].

Technical Implementation

As shown in Figure 2, the HCRI was constructed through a sequential workflow consisting of indicator
preparation, diagnostic screening, robust PCA estimation, and PCl-based index construction. RPCA was
implemented in R using the rrcov package via covariance-based PCA with a robust scatter estimation.
Principal components (PCs) were computed using PcaCov(data,cov.control=CovControlMcd()), where
CovControlMcd() specifies the MCD estimator for the robust estimation of the location vector and covariance
matrix used in the eigendecomposition. The resulting object was inspected using summary(PcaCovMCD) to
obtain eigenvalues (variance explained), explained variance proportions, and the associated loadings and
scores for index construction, with substantive emphasis placed on PC1l as the dominant one-number
summary of joint variation across the indicator set [35].
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| _)Geographlc condition

Ly IE—
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Figure 2. Workflow for constructing the HCRI using robust covariance-based PCA. This figure shows the steps used to
develop the HCRI from factors, sectors, and observed variables. Numeric variables were screened for multicollinearity
and outliers before applying robust PCA with the MCD estimator. The final index was defined using PC1 (first principal
component), which explained the highest proportion of variance.

Household Climate Resilience Index Indicators

Resilience in socio-ecological systems is understood as the capacity to absorb shocks, maintain core functions,
and adapt or transform in response to changes. It emphasizes the ability of social, economic, and
environmental systems to withstand climate pressures and long-term disturbances while preserving their
structure, identity, and essential functions and fostering learning and innovation [12,36]. Adaptive capacity
is recognized as a key component of resilience and comprises four dimensions: exposure, sensitivity,
incremental adaptive capacity, and transformational adaptive capacity [37]. Exposure reflects the degree to
which a system is affected by climate risks, and sensitivity captures its internal vulnerability. The two forms
of adaptive capacity represent a system’s ability to implement gradual adjustments or fundamental structural
changes to strengthen resilience against climate impacts [33,36].

Recent approaches have reinterpreted sensitivity as intrinsic resilience and exposure as non-exposure, both
of which contribute positively to resilience. Together, these four dimensions complement each other in
enhancing the overall resilience of socio-ecological systems [37]. To maintain conceptual consistency, each
indicator in Table 3 was mapped a priori to one of the four resilience dimensions, and the hypothesized
direction (“relatively resilient if...”) reflects the expected sign of the indicator’s contribution to resilience in
the Jakarta coastal urban context. Indicators such as housing size/land area and flood-water height at
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evacuation are interpreted through the mechanism they represent (baseline sensitivity versus hazard
severity), and the hypothesized relationships are stated to make the index logic auditable and consistent with
the socio-ecological framing of household resilience.

Table 3. Indicators used in constructing the HCRI. This table lists the indicators included in the HCRI, grouped by factor
and sector, along with their codes, variable definitions, and hypothesized relationships with household resilience. The
indicators cover key dimensions such as exposure and sensitivity, including geographical conditions, health, residence,
and water sources. Overall, the table provides the conceptual basis for selecting and interpreting the variables used

to measure household climate resilience in this study.

Indicator Sector Code Variable Hypothesized relationship: relatively resilient if:
C2b Distance of the house to the main flood A longer distance between the house and the primary disaster
source center is associated with a higher level of household resilience.
C3b Distance to other flood sources A longer distance between the house and other disaster centers is

Geographical

associated with a higher level of household resilience.

Exposure conditions c4 (Invers) Amount of day flood in the past Measured by inverting the number of flood days per year; fewer
years flood events are associated with less frequent household
exposure and higher resilience.

F1 House elevation to street A longer vertical distance of the house above road level is
associated with a higher level of household resilience.

E11 (Invers) Proportion of sick family A higher proportion of households that remain healthy after a

members after flood flood is associated with greater household resilience.

E14 Medication Expenditure Higher expenditure on medicine after a disaster is associated with

Health lower household resilience.

15 (Invers) Proportion of sick family A higher proportion of households that remain healthy after a

members after drought drought is associated with greater household resilience.

N2 (Invers) Proportion of sick family with A higher proportion of households that remain healthy against

dengue dengue fever is associated with greater household resilience.

B3 Building area The wider the size of the house, the lower its resilience level.

o B4 Land area The wider the size of the land, the lower its resilience level.

Sensitivity

B5 House building structure Houses with permanent structures are associated with higher
resilience.

B6 Floor type Houses with tiled floors are considered to have higher resilience

Residence compared to those with wooden floors.

B7 Roof type Houses with tiled roofs are considered to have higher resilience
compared to those with zinc roofs.

F2 Permanent dike height at main Dyke height is the inverse of house elevation relative to road level;

entrance thus, the lower the dyke, the higher the household resilience.

F7 Flood water height for evacuation The higher the water level at the time of evacuation, the higher
the household resilience.

E9 Cost of buying water after a flood Household expenditure on purchasing water reduces resilience.

Gl Water Source for Toilet Households that still rely on wells or rivers for sanitation needs
are more sensitive compared to those using piped water supply
(PDAM).

Sensitivity Water sources G6 Water Source for drinking Households that still rely on wells or rivers for food and drinking
needs are more sensitive compared to those using piped water
supply (PDAM).

13 Post-Drought Water Expenditure Higher household expenditure on water during droughts is
associated with a higher level of sensitivity.

Al4 Expenses per family member Household expenditure reflects household income; thus, higher
expenditure is associated with greater adaptive capacity.

A6 Main Occupation: Head of the family The type of household head’s occupation reflects their adaptive
capacity. Household heads working as civil servants, military
personnel, police officers, or in state-owned enterprises are

. considered to have higher adaptive capacity because their income
Economics . . . .
is not disrupted during disasters.

B2 Number of floors The ability of a household to build houses with more than one
floor indicates higher adaptive capacity, particularly in relation to

Incremental flood disasters, thereby enhancing resilience.

Adaptation D3 Household Actions to Reduce Flood Represents adaptive efforts undertaken by households to reduce

Loss disaster-related losses.

A4 Final education Higher education levels of household heads are associated with
greater household adaptive capacity.

A5 Working-Age Household Members A higher proportion of household members in productive age

Human Resources Proportion . o groups is associated wi‘th greater adaptive capac.ity. '

02 Frequency of routine examination of More frequent evaluations conducted by mosquito larvae monitor

mosquito larvae monitor officers

officers (jumantik) are considered to reflect higher household
adaptive capacity in addressing potential disease outbreaks due to
climate change.

This journal is © Sundari et al. 2026
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Indicator Sector Code Variable Hypothesized relationship: relatively resilient if:

03 Frequency of puddle cleaning More frequent household cleaning activities are associated with
Human Resources . . K . .
greater adaptive capacity in reducing disaster-related health risks.
D2 Flood Loss Mitigation Efforts Household efforts to reduce the impacts of floods are associated
Incremental with higher resilience.
Adaptation E4.1 Number of people cleaning the house A higher number of household members involved in cleaning the
Personal . . - . .
house after a flood is associated with higher resilience.
12 Drought adaptation efforts Household efforts to reduce the impacts of drought are associated

with higher resilience.

Assessing Household Climate Resilience Index

Constructing a robust HCRI poses several methodological challenges. Subjective weighting methods, such as
the analytic hierarchy process (AHP), are often biased [38]. To minimize subjectivity, data-driven techniques
such as PCA are widely adopted; however, conventional PCA is highly sensitive to outliers, such as extreme
flood or tidal inundation events. Therefore, this study employs RPCA with a MCD to obtain stable and reliable
estimates [24,25,29,30].

PCA examines the associations among variables and simplifies complex datasets by transforming them into
principal components (PCs), which are linear combinations that capture the maximum variance in the data.
The variance proportion of each PC was calculated as the ratio of its eigenvalue to the total variance, with
the cumulative explained variance serving as a criterion for PC selection. Typically, two to three PCs explaining
at least 70% of the total variance are retained for interpretation, while trailing PCs may assist in outlier
detection [38].

Robust PCA Outputs and HCRI Scoring Rule

In PCA, component loadings represent indicator weights, while scores represent the transformed coordinates
of households in the component space [25]. The PC1 score is then used to construct the HCRI and classify
households into five resilience categories based on quartile cut-offs and outlier boundaries, as presented in
Table 4. The PC1 score is then used to form the index and classify households into resilience levels. The
transformation of PC1 scores into resilience categories (extremely low to extremely high) is desighed to
support policy targeting and prioritization rather than to define an absolute “safe/unsafe” threshold. Because
PCA-based indices are relative rankings that depend on the empirical distribution of the sample, quartile-
based groupings are commonly used to translate continuous index scores into interpretable classes for
mapping, communication, and program targeting [39,40].

Under this scheme, the low—high categories represent households below versus above the local distributional
cut-points (Q1-Q3), while extremely low/extremely high identify tail groups with atypical multivariate
profiles that may require differentiated attention because disaster impacts and recovery constraints are
often nonlinear and concentrated among the most vulnerable populations [41]. In practical terms, these
classes enable an actionable “determinant - intervention” translation: exposure-dominant areas (e.g.,
frequent flooding) point to system-performance measures (drainage reliability, pumps, retention/pond
management, and river—coastal interface management), sensitivity-driven deficits justify basic-service,
housing, and health upgrades in the most exposed neighborhoods, and capacity-driven deficits motivate
uptake support through preparedness financing, structured risk communication, and accessible institutional
pathways—consistent with global guidance that effective adaptation requires coupling household actions
with governance and infrastructure that reduce risk at scale [3,41].

Table 4. This table presents the transformation of PC1 scores into HCRI categories using score intervals and outlier
boundaries. The lowest and highest extreme values are classified as extremely low and extremely high, while the
remaining scores are grouped into very low, low, high, and very high. This classification serves as the basis for
interpreting household resilience levels in the study.

Value range HCRI transformation
Lower outlier Extremely low

<Qq Very low

Q1 £PClscore<(Q, Low

Q, <PClscore< (@3 High

2 (3 Very high

Upper outlier Extremely high

http://dx.doi.org/10.29244/jpsl.16.2.162 JPSL, 16(2) | 169



Results and Discussion
Results

Data Diagnostics and Justification for RPCA-MCD

The robust mahalanobis distance (RMD) analysis indicated that 95 observations exceeded the x2 (99%) cutoff
of 27.688 (p = 13), classifying 41.6% of households as multivariate outliers (Figure 3). This proportion is
substantial and signals that the joint indicator structure is heterogeneous; therefore, atypical households
cannot be treated as marginal “noise” evaluated per indicator in isolation. This diagnostic motivates the use
of RPCA rather than classical covariance-based PCA, because classical PCA can be rotated by a minority of
leverage points that disproportionately affect the sample covariance matrix and thus the eigenvectors that
define the principal directions [25,42].

Using RPCA with MCD-based covariance estimation, PC1 explained 87.38% of the total variance, exceeding
the 70% threshold used for a parsimonious one-number index. In PCA terms, PC1 is a linear combination of
indicators that maximizes the variance of the projected scores under a unit-norm constraint, which leads to
the eigenvalue problem of the covariance matrix. In the robust setting, the same geometric logic applies, but
the covariance matrix is replaced by a high-breakdown robust scatter estimate, making the resulting
eigenstructure less sensitive to contamination [25,42]. Substantively, the high variance captured by PC1
supports its use as the dominant resilience gradient across households, but it should be interpreted as a
multivariate “syndrome” of co-varying conditions, rather than a single-cause ranking.

Distance
200,000 300,000
|

100,000
1

" I PR I g ‘I |
T I T T T

0 50 100 150 200
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Figure 3. Robust mahalanobis distance values and outlier cutoff based on the MCD estimator. This figure displays the
robust mahalanobis distance for each observation, with observations shown on the x-axis and distance values on the
y-axis. The dashed horizontal line represents the 99% chi-square cutoff used to identify potential multivariate outliers.
Observations exceeding this threshold are considered outliers, indicating cases that deviate substantially from the
overall data structure.

Socio-Demographic Contrasts in Resilience Classes

The HCRI gradient should be interpreted as a coupled human—environment outcome in which household
capacities (education, expenditure, and behaviors) interact with urban environmental management systems
that shape hazard frequency and severity. In Jakarta, household resilience is structurally conditioned by flood
control and drainage performance, land subsidence dynamics linked to groundwater governance, and coastal
processes that can amplify compound flooding [43,44]. Therefore, the HCRI should be read not only as a
socioeconomic capacity index but also as an indicator of how environmental services and infrastructure
translate climate pressures into household-level exposure, sensitivity, and feasible adaptation pathways
[45,46].

Figure 4 illustrates the relationship between education level and the HCRI. Respondents with higher
education levels demonstrated stronger resilience, with 78.57% of university graduates classified in the very
high—high category compared to 21.43% in the low—extremely low group. In contrast, resilience levels decline
markedly among respondents with lower education levels: 64.52% of junior high school, 74.29% of
elementary, and 88.89% of non-formal education respondents fall into the low—extremely low categories.
These results indicate that educational attainment significantly shapes climate resilience. Individuals with

This journal is © Sundari et al. 2026 JPSL, 16(2) | 170



higher education are more likely to access climate-related information, understand adaptation programs,
and make informed decisions in the face of environmental stress. Akter et al. [15] noted that education
enhances household resilience by improving cognitive and behavioral responses to climate risks through
greater awareness and the capacity to process information.

88.89%
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54.81%
5.19%
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1.43% 271
I I 11.11

Univ Senior HS Junior HS Elementary  Non formal

Hm Very high-High  ® Low-Extremely Low

Figure 4. Distribution of HCRI categories by education level. This figure compares the proportion of households in the
very high—high and low—extremely low resilience categories across different education levels. Higher education is
associated with a greater share of households in the higher resilience category.

The distribution of respondents’ length of residence shows that 93.21% have lived in their current area for
over ten years, indicating deep familiarity with local environmental conditions and hazards. Figure 5 confirms
that those residing for more than 10 years display a balanced resilience profile (50.49% very high—high;
49.51% low—extremely low), while households with 5—10 years of residence show slightly weaker resilience
(45.45% very high—high; 54.55% low—extremely low). This pattern suggests that long-term residence
strengthens environmental awareness and collective preparedness, whereas newly settled populations may
still be developing social capital and localized adaptive practices. These findings align with Matandirotya et
al. [47], who reported that communities with extended environmental engagement, such as vhaVenda and
baTonga in Southern Africa, build deep local knowledge that enhances early warning, resource management,
and adaptive responses to climate variability.
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Figure 5. Distribution of HCRI categories by employment status. This figure shows the proportion of respondents in
the very high—high and low—extremely low resilience categories across five employment groups: civil servants, state-
owned enterprise (SOE) employees, private employees, unemployed, and self-employed respondents. The
comparison indicates that resilience levels vary across employment status, with unemployed respondents showing
the highest proportion in the higher resilience category, while several other groups are more concentrated in the
lower resilience category. These results suggest that employment status is associated with differences in household
climate resilience.
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Employment status also influenced adaptive capacity and resilience distribution (Figure 6). Households with
more stable or flexible income sources tend to be more resilient. Among respondents, 69.7% of unemployed
households surprisingly fell into the very high—high resilience category, potentially reflecting strong informal
social support networks and collective adaptation mechanisms. Conversely, only 42.86% of civil servants,
43.75% of SOE employees, and 49.32% of private sector employees demonstrated high resilience, suggesting
that formal employment does not necessarily guarantee adaptive flexibility. Meanwhile, self-employed
households exhibit a relatively balanced resilience profile (47.17% very high—high; 52.83% low—extremely
low), highlighting the duality between income independence and vulnerability to economic shocks. This
finding aligns with other studies who emphasized that livelihood diversification, job stability, and informal
sector adaptability play crucial roles in shaping household resilience to climate-related risks in urban Asia
[23,48].
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Figure 6. Distribution of HCRI categories by employment status. This figure shows the proportion of respondents in
the very high—high and low—extremely low resilience categories across five employment groups: civil servants, SOE
employees, private employees, unemployed, and self-employed respondents. The distribution indicates that
resilience levels vary by employment status, with unemployed respondents having the highest proportion in the
higher resilience category, while several other groups are more concentrated in the lower resilience category. These
results suggest that employment status is associated with differences in household climate resilience.

Spatial Distribution of HCRI Across Administrative Cities and Urban Villages

The analysis of household resilience to climate change across the five administrative cities of DKI Jakarta, as
presented in Table 5, revealed spatial variation influenced by the type of hazard and the level of regional
vulnerability. West Jakarta showed a sharp contrast between areas with moderate and very high
vulnerability. Duri Selatan and Krendang, classified as moderately vulnerable and primarily exposed to
drought and heatwaves [33], demonstrate high resilience levels, with 84.6% and 69.2% of households,
respectively, categorized as “high” to “very high”. This indicates that seasonal and predictable climate
hazards, such as droughts and extreme temperatures, are easier for communities to anticipate. Conversely,
Kamal and Semanan—both with very high vulnerability and frequently affected by floods and tidal
inundation—display the lowest resilience. In Kamal, 84.6% of households fall into the “extremely low”
category, while in Semanan, 53.9% are in the “low” category and 15.4% in the “very low” category.

Central Jakarta exhibited moderate-to-high resilience levels. Kampung Bali, despite having high vulnerability
and exposure to drought, records 92.3% of households in the “high” and “very high” categories. In contrast,
Karet Tengsin, with low vulnerability but prone to flooding, shows 61.5% of households in the “low”
vulnerability category. This finding indicates that even areas with low vulnerability can have weak resilience
when they are frequently affected by floods. South Jakarta has diverse resilience patterns. Cilandak Timur
and Petukangan Utara, both highly vulnerable and facing multiple hazards such as floods, droughts, and
extreme temperatures, display a relatively balanced distribution—38.5% of households fall into the “High”
to “very high” categories, while another 38.5% are in the “very low” to “extremely low” categories.
Meanwhile, Ragunan (very low vulnerability) and Ulujami (low vulnerability but exposed to extreme heat)
showed more stable resilience, with 46.1% and 61.5% of households, respectively, in the “high” to “very high”
categories.
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Table 5. Classification of HCRI categories by urban village. This table presents the distribution of household climate
resilience categories for each selected urban village, grouped by municipality in Jakarta. It also shows the
corresponding vulnerability level and dominant disaster type for each urban village, together with the percentage of
households classified into each resilience category, from “very high” to “extremely low”. Overall, the table highlights
substantial variation in household resilience across urban villages and municipalities, indicating differences in local
vulnerability and disaster exposure.

Household climate resilience index (%)

Urban city Vulnerability Disaster

Very high High Low Very low Extremely low
West Jakarta
Duri Selatan Moderate Drought, Extreme heat 23.08 61.54 15.38
Kamal Extremely high Flood, Tidal flood, Extreme heat 7.69 7.69 84.62
Krendang Moderate Extreme heat 46.15 23.08 15.38 7.69 7.69
Semanan Extremely high Flood, Extreme heat 7.69 15.38 53.85 15.38 7.69
Central Jakarta
Kampung Bali High Drought 46.15 46.15 7.69
Karet Tengsin Low Flood 7.69 30.77 61.54
South Jakarta
Cilandak Timur High Flood, Drought, Extreme heat 23.08 15.38 23.08 30.77 7.69
North Petukangan High Flood, Extreme heat 15.38 46.15 23.08 15.38
Ragunan Extremely low 30.77 15.38 46.15 7.69
Ulujami Low Extreme heat 23.08 38.46 30.77 7.69
East Jakarta
Jatinegara Extremely high Flood 46.15 53.85
Malaka Jaya Very low 53.85 30.77 7.69 7.69
Rawa Terate Very high Flood, drought 15.38 7.69 38.46 23.08 15.38
North Jakarta
Koja Very high Flood, drought, tidal flood 23.08 23.08 38.46 7.69 7.69
Marunda Very high Drought, tidal flood 46.15 7.69 46.15
Pluit Low Tidal flood 15.38 46.15 15.38 23.08
Tanjung Priok Very high Flood, tidal flood 15.38 61.54 23.08

East Jakarta has a relatively strong adaptive capacity despite facing significant climate hazards. Jatinegara,
with very high vulnerability and flood risk, records 46.2% of households in the “very high” category and 53.8%
in the “high” category. Malaka Jaya, which has very low vulnerability, also shows positive results, with 84.6%
of households in the “high” to “very high” vulnerability categories. Conversely, Rawa Terate—with very high
vulnerability and exposure to both floods and droughts—shows more varied results: 38.5% of households fall
into the “low” category, 23.1% into “very low,” and 15.4% into “extremely low”.

North Jakarta experienced the highest climate stress and lowest resilience among all administrative cities.
Koja, with very high vulnerability and exposure to floods, droughts, and tidal inundation, shows 46.1% of
households in the “low” category and only 23.1% in the “high” category. Marunda displays a highly polarized
pattern, with 46.2% of households in the “very high” and 46.2% in the “extremely low” categories, reflecting
deep resilience inequality in the coastal zones. Pluit, with low vulnerability but frequent tidal flooding, shows
46.1% of households in the “low” category and 38.5% in the “very low” category. Meanwhile, Tanjung Priok—
with very high vulnerability and exposure to floods and tidal inundation—records 61.5% of households in the
“very low” category and 23.1% in the “extremely low” category. These findings emphasize that a combination
of land subsidence, seawater intrusion, and structural poverty are the main causes of low adaptive capacity
in the northern coastal areas.

Overall, the results highlight a clear north—south spatial gradient in household resilience. The northern
coastal areas consistently exhibited lower resilience, whereas the southern and central regions demonstrated
higher resilience. Hydrological hazards such as floods and tidal floods are strongly associated with lower
resilience, over 60% of households fall into the “low” to “extremely low” categories whereas drought and
extreme temperature hazards correlate with higher resilience, with more than 70% of households
categorized as “high” to “very high”. These findings indicate that vulnerability levels do not always directly
correspond to resilience outcomes. Figure 7 shows the spatial distribution of urban village vulnerability and
Figure 8 presents the spatial distribution of household resilience across Jakarta.
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Figure 7. Spatial distribution of the Urban Village Vulnerability Index in Jakarta. This figure presents the vulnerability
classes of the selected urban villages across Jakarta, displayed on a map with administrative and provincial boundaries.

Each urban village is color-coded from extremely low to extremely high to show differences in vulnerability levels
across the study area. The map highlights the spatial variation in urban village vulnerability and provides geographic
context for interpreting local climate-related risk.
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Figure 8. Spatial distribution of the Household Resilience Index (HRI) in Jakarta. This figure shows the distribution of
household resilience categories across the study area, displayed on a map with urban village, administrative, and
provincial boundaries. Household resilience is classified into five categories, ranging from extremely low to very high,
toillustrate spatial differences in resilience levels. The map highlights the geographic variation in household resilience
across Jakarta and supports the identification of areas with lower and higher resilience.
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Discussion

Determinants of Resilience and Flood—Resilience Association

The Kendall correlation test result (t = 0.518, p = 0.015) indicates a positive and significant relationship
between flood events and the proportion of households with low HCRI values. This confirms that areas
affected by floods tend to have a higher proportion of low-resilience households than those not affected.
Although the RPCA MCD approach effectively identifies the key determinants of resilience, it assumes spatial
stationarity in the relationships across Jakarta. Considering the spatial heterogeneity between the northern
coastal and southern inland areas, geographically weighted PCA (GWPCA) [49-52] was applied to capture
local variations in indicator influence. This spatially adaptive approach provides a more detailed
understanding of place-based resilience patterns in the DKI Jakarta area.

Several PCA-based loadings reported in this section are numerically small (e.g., < 0.01). This does not
automatically imply “no effect” in substantive terms because loadings are scale-dependent and reflect how
variables contribute to the variance-maximizing direction under the chosen preprocessing
(centering/standardization) and covariance estimate. In particular, when indicators are standardized, a small
loading indicates a weak contribution to the dominant co-variation pattern captured by PC1, not necessarily
irrelevant to household welfare or policy design. Conversely, a very large loading (e.g., flood frequency =
0.999) indicates that the exposure gradient is overwhelmingly structured by the indicator within the
extracted component. Therefore, interpretation should focus on (i) relative magnitude within the same PCA
run and (ii) sign/direction of association. Practically, indicators with consistently near-zero loadings can be
treated as secondary for explaining PC1, while still remaining relevant for targeted sectoral programs outside
the one-number index. This empirical pattern also provides a clear methodological motivation for future work
toward sparse—robust GWPCA: when many indicators contribute weakly to the dominant component,
sparsity-inducing penalties (e.g., elastic net) within a geographically weighted, robust covariance framework
can formalize variable selection by shrinking negligible local loadings toward zero, while retaining the most
informative indicators that consistently shape PC1 across locations. A sparse—robust GWPCA would therefore
improve interpretability and policy communication by identifying a parsimonious, place-specific subset of
determinants, while robustification maintains stability under outliers and heterogeneous urban households.

The HCRI gradient should be interpreted as a coupled human—environment outcome in which household
capacities (education, expenditure, and behaviors) interact with urban environmental management systems
that shape hazard frequency and severity. In Jakarta, household resilience is structurally conditioned by flood
control and drainage performance, land subsidence dynamics linked to groundwater governance, and coastal
processes that can amplify compound flooding [43,44]. Therefore, the HCRI should be read not only as a
socioeconomic capacity index but also as an indicator of how environmental services and infrastructure
translate climate pressures into household-level exposure, sensitivity, and feasible adaptation pathways
[45,46].

As shown in Figure 9, the PCA results for the exposure indicator, the variables “frequency of floods in the past
years (C4)” and “house elevation to street (F1)” showed the highest loading values, at 0.9993 and 0.0121,
respectively. These results indicate that flood frequency is the most dominant factor explaining household
exposure to climate hazards, whereas house elevation plays a minor but relevant role in reducing direct
exposure. Areas that experience frequent flooding—such as Kamal, Semanan, Koja, and Pluit—tend to have
higher exposure levels and a larger proportion of households with low HCRI values, reflecting limited adaptive
capacity. Conversely, a higher house elevation provides a form of physical protection that can slightly mitigate
exposure, although its influence remains relatively small compared to the strong impact of flood frequency
on reducing household resilience to climate change in DKI Jakarta.

Regarding exposure, the PCA results showed that flood frequency in recent years (C4) had the highest loading
(0.9993), whereas house elevation relative to the street (F1) had a much smaller loading (0.0121). This implies
that recurrent flooding is the dominant driver of the exposure gradient, whereas micro-topographic
protection (e.g., elevated floors) plays a secondary mitigating role at the city scale. Managerially, this pattern
indicates that household-level elevation adjustments may reduce immediate nuisance impacts, but they
cannot substitute for system-level flood-risk reduction when flood frequency remains high, particularly under
compound flood conditions where coastal water levels and river discharge interact [44,53]. Accordingly,
adaptation prioritization should differentiate “coping” measures (e.g., raising floors and temporary barriers)
from interventions that reduce event frequency and duration (e.g., drainage upgrading, pump capacity,
retention management, and corridor maintenance).
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Figure 9. Exposure and sensitivity indicators and their variable loadings on the PC1. This figure presents the loading
patterns of the variables included in the exposure and sensitivity dimensions on the first principal component, shown
in two radar charts. The left panel displays exposure-related indicators, while the right panel shows sensitivity-related
indicators, with each axis representing the loading value of an individual variable. The figure highlights the relative
contribution of each variable to PC1 and helps identify the indicators that most strongly shape the resilience structure
in the analysis.

Based on the results of the PCA for the sensitivity indicator, three main sectors contribute significantly:
residence, health, and water sources. In the residential sector, the variable “building area (B3)” has the
highest loading value of 0.0041, showing a negative relationship with household resilience. This indicates that
the larger the building size, the lower the household’s resilience level, as larger houses are often located in
densely populated or flood-prone areas. Thus, the physical characteristics of housing play an important role
in determining household sensitivity to climate change impacts. In the health sector, the variable “Medical
expenses after a disaster (E11)” showed the highest absolute loading value of —0.0071, indicating a negative
relationship with resilience. In other words, higher post-disaster medical expenditures are associated with
lower household resilience, as financial burdens reduce the adaptive capacity. Conversely, households with
a higher proportion of healthy family members after floods, droughts, or disease outbreaks, such as dengue
fever, tend to demonstrate greater resilience. Meanwhile, in the water source sector, the variable “Source
of drinking water (G6)” with a loading value of —0.0057 emphasizes that dependence on unsafe or unreliable
water sources, especially after disasters, increases household sensitivity to health risks. Overall, family health
conditions, housing quality, and access to clean water are key determinants of household sensitivity to the
impacts of climate change in urban DKI Jakarta.

Sensitivity indicators should be interpreted as a household’s propensity to incur damage and welfare loss
when hazards occur. In dense urban settings, sensitivity is often shaped by the reliability of basic services
(safe water access and sanitation), housing materials/tenure security, and health constraints that limit
response capacity. This is important because, even when exposure is similar, households with higher
sensitivity can experience disproportionate losses, turning climate shocks into persistent welfare traps.
Conceptually, this aligns with the socio-ecological resilience framing, where the robustness of core functions
depends on both environmental stressors and the system’s internal fragilities [45].

Figure 10 presents the loading patterns of the incremental and transformational adaptation indicators on
PC1, highlighting the variables that most strongly influence the resilience. The two variables with the highest
loading values came from the economic and human resource sectors. In the economic sector, the variable
“expenses per family member (A14)” had the highest loading value of 0.0282, showing a positive relationship
with household resilience. This indicates that households with higher expenditures per family member tend
to have greater adaptive capacity, as expenditure levels generally reflect household income and economic
stability. Stronger financial capacity allows households to implement adaptive measures, such as improving
home infrastructure, saving for emergencies, or purchasing equipment to enhance disaster preparedness.

The observed pattern that education and proactive behaviors relate to higher HCRI is consistent with the role
of information access, risk perception, and planning capacity in enabling incremental adjustments (e.g.,
preparedness actions, routine maintenance, and early response). However, the contribution of these
determinants should be discussed as “mechanisms”: education improves the ability to acquire and evaluate
risk information, navigate assistance programs, and coordinate protective actions, especially when hazards
are frequent and uncertainty is high [45]. Practically, this implies that adaptation programs should not only
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disseminate information but also reduce transaction costs for uptake (clear eligibility, neighborhood-level
facilitation, and repeated engagement), because incremental adaptation is often constrained by time,
liquidity, and institutional access rather than awareness alone.
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Figure 10. Incremental and transformational adaptation indicators and their variable loadings on the PC1. This figure
presents the loading patterns of the variables included in the incremental and transformational adaptation
dimensions on the first principal component, shown in two radar charts. The left panel displays incremental
adaptation indicators, while the right panel shows transformational adaptation indicators, with each axis representing
the loading value of an individual variable. The figure highlights the relative contribution of each variable to PC1 and
helps identify the adaptation indicators that most strongly influence the resilience structure in the analysis.

Meanwhile, in the human resources sector, the variable “final education (A4)” has the highest loading value
of 0.0059, also showing a positive relationship with resilience. Higher education levels of the household head
are associated with better adaptive capacity, as education enhances knowledge, awareness, and decision-
making ability in response to climate risks. Households with better-educated members are generally more
proactive in implementing preventive measures, understanding early warning information, and engaging in
community-based adaptation initiatives. Therefore, these two variables confirm that economic capacity and
education are the main pillars shaping households’ incremental adaptive capacity to the impacts of climate
change in DKI Jakarta.

Transformational adaptation indicators represent the household’s ability to make larger shifts, such as
livelihood changes, relocation decisions, durable investments, and institutional connectedness. In a coastal
megacity, these options are strongly mediated by governance and environmental systems (zoning
enforcement, groundwater regulation, coastal protection planning), meaning that “transformational”
capacity is partly a policy-produced opportunity set rather than only an individual attribute. This coupled
framing strengthens the policy relevance of the HCRI: it can identify where households face chronic exposure
yet lack feasible pathways to transform risk, pointing to areas where governance change is required, not
merely household-level behavioral encouragement [46,54]. Based on the results of the PCA for the
transformational adaptation indicator, the most influential variables come from the personal sector,
particularly “flood adaptation efforts (D2)” and “number of people cleaning the house (E4.1)” which have the
highest absolute loading values of —0.0072 and —0.0095, respectively. Both variables showed a negative
loading direction, but their interpretation aligned positively with household resilience, as higher engagement
in adaptive and recovery activities indicated a stronger transformative capacity.

The variable “flood adaptation efforts (D2)” reflects proactive actions taken by households to mitigate the
impacts of floods, such as building barriers, improving drainage, and relocating valuable goods during flood
events. These activities represent a higher level of awareness and long-term adaptation, beyond reactive
responses. Meanwhile, the “number of people cleaning the house (E4.1)” captures collective recovery
behavior after disasters, where greater household participation in post-flood cleanup reflects stronger
internal cooperation and resource mobilization, both of which enhance the adaptive capacity. Additionally,
“drought adaptation efforts (J2)” with a loading value of —0.0032 also indicates households’ ability to adapt
through efficient water use or alternative water sources. Overall, these findings emphasize that active
participation, collective effort, and proactive adaptation measures are key components of transformational
adaptation that strengthen household resilience to climate change impacts in DKI Jakarta.
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Interpretation and Urban Environmental Management Implications

The north—south resilience gradient observed in Jakarta is consistent with patterns reported in other
Indonesian coastal cities, where low-lying zones experience recurrent flooding and subsidence-amplified
impacts. However, the governance and infrastructure context determine how hazards translate into
household outcomes. For example, preparedness work in Semarang emphasizes that resilience is not only a
matter of household capacity; it also depends on integrated risk assessment, land-use control in vulnerable
zones, and coordinated stakeholder governance [21]. In DKI Jakarta, the hazard regime is intensified at the
megacity scale: land subsidence, drainage/polder dependence, and compound coastal—river flooding can
create chronic exposure that overwhelms incremental household coping, making system-level environmental
management a first-order determinant of household resilience [3,43,55].

Comparative evidence from coastal megacities in Southeast Asia cautions that adaptation portfolios can
become skewed toward “hard” measures and reactive responses when flooding is frequent and subsidence
is ongoing. In such contexts, adaptation performance depends strongly on whether structural drivers,
especially subsidence control, risk-informed land-use governance, and flood-system reliability, are addressed
alongside household-level determinants (e.g., education and expenditure) [46,56]. For Jakarta, this implies a
distributional interpretation: HCRI differences are not only about “who can adapt,” but also about “where
governance and infrastructure enable adaptation to work,” and where they do not [3,57].

To make this interaction explicit, the Jakarta north—south gradient can be framed as a recurrent coastal-urban
pattern in which place-based exposure dominates household coping when the hazard regime becomes
chronic. Coastal/northern lowlands face compounded exposure (tidal flooding, subsidence-amplified
inundation, and drainage backflow), whereas inland/southern zones typically experience less coastal
compounding and, therefore, may benefit more from incremental household capacities. Accordingly, the
manuscript should emphasize that the HCRI gradient reflects an interaction between household capacities
and a locally produced hazard regime—an interaction that is strengthened or weakened by land-use control,
groundwater governance, and flood-system performance [43,55,56].

The HCRI results can then be translated into concrete adaptation prioritization by mapping determinant—
interventional linkages. Where low resilience is primarily driven by high flood frequency (exposure), the
principal policy lever is system performance, such as drainage upgrading and maintenance, pump reliability,
retention/pond management, and river—coastal interface management to reduce flood duration and
recurrence [3]. Where low resilience is driven by sensitivity (housing quality, basic services, health, and water
reliability), priority actions include upgrading service reliability and housing risk reduction in the most
exposed neighborhoods [57]. Where low resilience reflects limited incremental and transformational
adaptation capacity, interventions should reduce barriers to uptake through targeted support for
preparedness investments, structured risk communication and clearer institutional access pathways.
Crucially, subsidence control and groundwater governance are not merely “context,” but adaptation
instruments that can shift the hazard regime faced by households. Therefore, they should be positioned
explicitly as environmental management priorities, informed by the spatial distribution of the HCRI [43,55].

Methodologically, while conventional PCA can summarize dominant covariation patterns, it retains all
indicators in each component, which can reduce interpretability and allow weakly contributing indicators to
add to the noise. To address this limitation, the analysis can progress to Sparse PCA using elastic-net
regularization, which combines L1 (lasso) and L2 (ridge) penalties to induce sparse loadings—filtering
indicators that contribute minimally to PC1 and improving interpretability for policy translation [58,59]. In
parallel, because urban resilience determinants are spatially heterogeneous, the roadmap naturally extends
from global PCA to Geographically Weighted PCA, which estimates location-specific components and loadings
[49]. Finally, because resilience indicator systems are vulnerable to multivariate outliers and leverage points,
the robustification of local covariance estimation (e.g., MCD) is a logical next step [42] and can be further
strengthened in high-dimensional or small-local-sample settings via regularized robust covariance
determinant (MRCD) [29]. Taken together, these steps motivate a coherent forward path from Robust
GWPCA [60] to Sparse GWPCA [61], and ultimately toward a Sparse—Robust GWPCA framework that
simultaneously targets spatial heterogeneity, interpretability, and resistance to contamination.
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Conclusions

This study confirms that climate change exacerbates environmental stress and socioeconomic vulnerability
in coastal urban regions such as DKl Jakarta. By integrating robust statistical methods, this study successfully
constructed a HCRI that captures multidimensional resilience through indicators of exposure, sensitivity, and
adaptive capacity. The application of RPCA MCD enhances the estimation stability in heterogeneous and
outlier-prone data, enabling a more reliable resilience assessment. The results reveal pronounced spatial
disparities, with northern coastal districts consistently exhibiting low resilience owing to recurrent flooding,
tidal inundation, and limited adaptive capacity, whereas southern and central areas demonstrate stronger
socio-economic and infrastructural resilience. Key factors that enhance resilience include education,
economic capacity, and proactive adaptation behaviors. The clear north—south gradient highlights the
importance of localized assessment approaches to account for spatial heterogeneity in resilience
determinants. Overall, the HCRI framework developed in this study provides a robust empirical foundation
for evidence-based urban climate adaptation policies and contributes to the achievement of SDG 11
(sustainable cities and communities) and SDG 13 (climate action) in Indonesia’s rapidly urbanizing context.
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