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ABSTRACT

Indonesia, with the world’s third-longest coastline and over 17,000
islands, faces significant risks frommultiple hazards, including sea-
level rise, floods, drought, wildfires, storms, and land subsidence.
Social vulnerability in coastal communities, influenced by socioe-
conomic factors such as age, wealth, health, gender, and ethnicity,
is critical to understanding their capacity to manage and recover
from these hazards. This research maps social vulnerability using
demographic proxy-based assessment within a grid system, focus-
ing on Bintan and the Seribu Islands as pilot sites. Utilising Princi-
pal Component Analysis (PCA), five key socioeconomic indicators,
including population density, share of children, share of women,
share of elderly and poverty rate, were identified to develop a Social
Vulnerability Index (SoVI). The results indicate that the Seribu Is-
lands aremore socially vulnerable than Bintan, with significant dif-
ferences in vulnerability patterns across urban and rural areas. Age
and gender have a greater impact in urban areas of Bintan, whereas
economic factorshaveagreater influence in rural areas. In theSeribu
Islands, economic factors and high population density contribute
significantly to vulnerability. This study highlights the importance
of detailed spatial planning and targeted interventions to strengthen
community resilience. The grid-based approachprovides amore ro-
bust assessment, helping policymakers prioritise areas for disaster
mitigation and support.
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HIGHLIGHTS

Indonesia’s coastal communities face highmulti-hazard social vulnerability.

The Seribu Islands exhibit higher vulnerability than Bintan due to economic factors.

Age and gender significantly impact urban vulnerability in Bintan.

Economic factors and population density drive vulnerability in the Seribu Islands.

Grid-based mapping enhances targeted intervention for coastal resilience.

1. INTRODUCTION

Indonesia has the third-longest coastline in the
world, with over 17,000 islands (Gaborit, 2022) and
more than 270 million inhabitants (World Bank,
2022). This geographic condition creates this coun-
try’s high exposure to sea-level rise (Nurhidayah,
2021; Setiawati, Chatterjee et al., 2023), flooding
(Firman et al., 2011), storms (Haryanto et al., 2019),
drought (Aldyan, 2023), wildfires (Gaveau et al.,
2026) and other extreme events (Haryanto et al.,
2019). Additionally, Vij et al. (2017) found that
climate change is expected to increase precipitation,
exacerbating flooding issues, including in Indone-
sia. Despite these climate-related hazards, urban
areas in Indonesia are experiencing significant
population growth and urbanisation (Mardians-
jah et al., 2021; Setiawati et al., 2021). This rapid
urbanisation is closely linked to a rising demand
for freshwater and unsustainable groundwater ex-
traction (Soekarno et al., 2024; Tirtomihardjo,
2016). As a result, these trends have led to serious
environmental issues, including land subsidence
(As-syakuret al., 2023), degradationofwaterquality
(Gaborit, 2022), and an increased risk of water
scarcity andflooding (Gaborit, 2022). Consequently,
the interconnected environmental and socioeco-
nomic factors disproportionately impact vulnerable
groups, influencing disaster risk reduction and cli-
mate adaptation planning. This situation highlights
the necessity for spatially detailed assessments
of social vulnerability to inform evidence-based
adaptation strategies.

In general, vulnerability can be examined from
social and economic perspectives (Ajtai et al., 2023).
The economic aspect determines physical suscep-

tibility, resulting in financial loss. Meanwhile, the
social aspect defines the population’s susceptibility,
which couldmake the community unable tomanage
risk. The economic losses that hazards may inflict
have been extensively studied, with numerous stud-
ies utilising Geographic Information System (GIS)
tools and depth-damage algorithms to examine the
physical susceptibility (Martínez-Gomariz et al.,
2021; Rimba et al., 2017; Sambah & Miura, 2014).
Furthermore, many investigations have examined
the potential impacts of future hazards on socioe-
conomic and climatic change (Setiawati et al., 2021;
Shoreman-Ouimet et al., 2024). In contrast, social
vulnerability at a finer scale for coastal commu-
nities has received little spotlight, particularly in
Indonesia, and has only recently becomeprominent.
According to this framework, societal vulnerability
is the likelihood that people will be affected by
coastal hazards, which are elements of change that
shift in space and time based on the characteristics
of a particular neighbourhood in a specific area Ajtai
et al. (2023).

Social vulnerability is a multifaceted concept
shaped by social, economic, institutional, cultural,
and political processes that influence people’s abil-
ity to anticipate, cope with, respond to, and recover
from risks (Rashidfarokhi et al., 2026). These un-
derlying processes are frequently mirrored by so-
cioeconomic factors such as age, income or wealth,
health conditions, handicap status, gender, race,
and ethnicity, which have been regularly employed
in vulnerability assessment studies as measurable
indicators or proxies of susceptibility, as well as
building density, the quality of the structures, the
availability of resources, medical care, and the
severity of hazards. While social vulnerability in-
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cludes broader dimensions such as social exclusion,
resource access, governance, and power dynamics,
many of these factors are difficult to quantify and
portray geographically at small geographic scales.
Thus, socioeconomic and demographic proxy vari-
ables that can be reliably measured and mapped
across space are often used inGIS-based vulnerabil-
ity assessments. In this study, five indicators were
used to operationalise this approach: the overall
population, the number of women, the number
of people living in poverty, the number of elderly
individuals, and the number of children. These
groups are often considered to be more vulnerable
to the impacts of disasters, according to previous
studies on vulnerability (e.g., Kim et al., 2011; Seti-
awati et al., 2021; Wolf & McGregor, 2013). These
variables were chosen because of their frequent
application in previous research and availability
at village and grid levels, allowing for spatially
explicit evaluation in small-island settings with
data constraints. We recognise that limitations in
data availability, especially at the village and grid
spatial resolutions used in this analysis, restrict the
number of indicators we could include.

Assessingacommunity’s vulnerability to coastal
hazards has become crucial for decision-making. It
is vital to pinpoint areas at high risk of the hazards,
create effective plans to manage the risks, and
enhance non-structural hazard-prevention strate-
gies. Additionally, governments at the local and
national levels can forecast the effects of future
multidimensional coastal hazards and carry out
mitigation strategies and initiatives to strengthen
the resilience of the populations that are affected by
them using the information supplied by vulnerabil-
ity assessments (Setiawati et al., 2021; Zhang et al.,
2024).

The importance of developing approaches that
thoroughly examine social vulnerability has been
emphasised in the current context (Krellenberg &
Welz, 2017; Rehman et al., 2019). The most com-
monly used technique for determining coastal vul-
nerability is a vulnerability index that comprises
various variables that may affect it. The indicators
describe communities from several angles (social,
demographic, economic, built environment/place
features, etc.), thereby influencing resilience and
primarily focusing on pinpointing the most sus-
ceptible areas. A crucial phase in the analysis that
significantly impacts the result is choosing the
most pertinent indicators. The indications must
be location-specific, taking into account the sur-

rounding circumstances of the area under study.
Therefore, in this research, we assessed the social
vulnerability index that targets specific commu-
nities, that is, the communities that live within 1
km of the shoreline, where the grid system will be
used as a mapping unit. This grid system will help
policymakers target specific areas for prioritising
program development, rather than relying on ad-
ministrative boundaries that sometimes fail to reach
coastal communities.

The Social Vulnerability (SoVI) assessment
was first developed by Cutter et al. (2003) in the
United States of America (USA) using 1990 data.
The assessment used country-level socioeconomic
and demographic data to generate the SoVi for
environmental hazards (Cutter et al., 2003). They
used factor analysis to simplify the indicators for
the SoVI assessment; however, the weights remain
the same across variables. Over time, this approach
has evolved to incorporate additional variables and
assign different weights (scores) to each variable.
Despite the Cutter et al. (2003) approach, which ap-
pears simple, this assessment is applied to the deci-
sion making process in the USA (UNISDR, 2013) and
in various countries, including Indonesia (UNISDR,
2013). In this research,we followed the frameworkof
SoVI developed by Cutter et al. (2003), while mod-
ifying it to fit the small islands’ data-constrained
environment. As a result, the SoVI developed in this
work is a demographic proxy-based assessment of
social vulnerability, utilising standard identifiers
that are accessible for spatially explicit GIS analysis
at the village and grid levels. Also, we modified
the site-specific (within 1 km of the coastline)
and applied Principal Component Analysis (PCA)
to assign different weights to each variable. This
PCA approach was used to avoid subjectivity and
was commonly applied for vulnerability analysis.
For instance, Ajtai et al. (2023), Mafi-Gholami et al.
(2022), and Setiawati et al. (2021) employed PCA to
assess the heat vulnerability index, SoVI for floods,
and SoVI for natural disasters.

Developing a widely used technique for assess-
ing SoVI is challenging due to the geographic and
temporal variability of the variables. Research in
this area is still challenged by various concerns that
receive little attention, including personal decisions
regarding indicators, the removal of the hazard
dimension, equitable or biased weighting proce-
dures, variable reduction due to data inaccessibility,
and administrative boundary mapping units, which
make pinpointing the exact area difficult. While
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several investigations addressed these challenges
independently, a few complex methods have also
sought to address the above-mentioned gaps. Thus,
this study aims to address the primary gaps in
the field by developing an extensive index-based
approach to establish and evaluate social vulner-
ability in multi-hazard coastal settings. The term
“multi-hazard coastal settings” refers to coastlines
that are vulnerable to a range of interacting hazards,
such as coastal flooding, rising sea levels, erosion
and extreme weather events. However, rather than
statistically combining these hazards into a single
index, the current analysis focuses solely on the
dimension of social vulnerability.

This study used two pilot sites representing
small islands in Indonesia: Bintan and the Seribu
Islands. The Bintan Islands could be representa-
tive islands surrounded by three countries, Sin-
gapore, Indonesia and Malaysia, and also face the
open ocean, the South China Sea. This condition
places Bintan under significant pressure from cli-
mate hazards and anthropogenic activities, such
as mining, large-scale land conversion and oil
spills (Nandika et al., 2023; Setiawati, Nandika
et al., 2023). Meanwhile, the Seribu Islands are an
archipelago within the Indonesian Capital Province
of Jakarta, comprising 114 islands, of which 11 are
inhabited (Setiawati, Chatterjee et al., 2023). This
archipelagic district also has tiny terrestrial areas,
averaging 87000 square metres at low elevation
and a generally densely populated island (Setiawati,
Chatterjee et al., 2023). Thus, the Seribu Islands are
good pilot sites representing very small island states
with high anthropogenic disturbance, as they are
very close to Jakarta Mega City.

This study employed the social vulnerability
framework at resolutions of 250m and 500m, com-
pared with the previous index (Cutter et al., 2003;
Nasution et al., 2020; UNISDR, 2013), which was
developed at the administrative level. The grid reso-
lution was chosen to reflect the physical and settle-
ment characteristics of each study region. A 500 m
grid was considered sufficient for Bintan, given that
the island is considerably larger and settlements
are more spatially separated. A finer grid size could
result in many empty or sparsely populated cells,
increasing spatial noise and weakening the stability
of the social vulnerability representation. On the
other hand, the Seribu Islands’ 250 m grid was used
to more accurately depict the spatial diversity of
extremely small islands and closely spaced coastal
communities. This approach enables more detailed

identification of vulnerable populations within 1 km
of the coast. Additionally, it can distinguish between
inhabited and uninhabited areas and identify is-
lands with higher population density and greater
vulnerability. The gridded technique is particularly
important in coastal districts that contain several
small islandswithin the same village boundary (e.g.,
Seribu Islands). With thismore precise geographical
resolution, local governments can prioritise disaster
mitigation and adaptation efforts in specific coastal
areas, armed with targeted information.

2. DATA ANDMETHODOLOGY

2.1. Study area

Small islands are widely recognised as among
the places on earth most susceptible to climate
change, particularly rising sea levels and extreme
events (Vousdoukas et al., 2023). Also, climate
threats in small island developing states are re-
ceiving increasing attention, as small islands suffer
significant lossesanddamages fromcoastal extreme
events such as tropical cyclones, sea level rise and
flooding (Vousdoukas et al., 2023). Figure 1 shows
the study area for this research, located on two
small islandgroups inwestern Indonesia: theBintan
Islands in the Riau archipelago and the Seribu Is-
lands in Jakarta Province. Thepilot sites experienced
significant increases in average air temperature of
1.46 °C in Bintan and 1.4 °C in the Seribu Islands
over the past 40 years (Setiawati, Chatterjee et al.,
2023; Setiawati, Nandika et al., 2023). The condition
shows that the local temperature increasewasnearly
double the global temperature trend, as reported
by NOAA (2021). Despite the warming temperature
trend, these pilot sites have also experienced more
frequent extreme precipitation and drought events
in recent years (Setiawati, Chatterjee et al., 2023;
Setiawati, Nandika et al., 2023). Moreover, previous
research by Djamil et al. (2024) and Setiawati,
Nandika et al. (2023) revealed that Bintan and Seribu
Islands experienced a significant rise in sea level
of 3.68± 1.04 mm/year and 4.17±0.33 mm/year,
respectively, from 1993 to 2022. Consequently,
both pilot sites are predominantly hit by climate
hazards such as storms, floods, drought and forest
fires rather than geological hazards, which ac-
counted for over 99% (Setiawati, Chatterjee et al.,
2023; Setiawati, Nandika et al., 2023). Based on
the aforementioned research, we selected the two
small islands for the SoVi analysis, as small remote
islandsgenerallyhave limitedaccess to information,
medical care and quality education.

https://doi.org/10.30852/sb.16.3198 75

https://doi.org/10.30852/sb.16.3198


APN Science Bulletin, Volume 16, Issue 1 (2026): 71–91

FIGURE 1. The study area of the SoVI assessment at two pilot sites in Indonesia, Bintan and Seribu Islands.

2.2. Data

Table 1 lists the detailed datasets used in the
SoVI assessment. We have two primary dataset
formats: a vector dataset of building polygons and
administrativeboundaries (i.e.,GISdata format) and
a sociodemographic dataset at the village level. The
spatial distribution of the GIS dataset was obtained
from Google Research-Open Building V3 and the
Indonesian Geospatial Agency’s online platform.
Moreover, the sociodemographic data at the vil-
lage level were obtained from the local statistical
agency’swebsite and the local government provided
missing data during direct visits.

2.3. Methodology

2.3.1. Research framework

Figure 2 describes the framework of the SoVI
assessment in this study. This research assess-
ment was conducted following the scoping work-
shop to design the vulnerability framework for the
Asia-Pacificnetwork, held inTerengganu,Malaysia,
from 23 to 24 May 2024. This scoping workshop
involves eight researchers from Indonesia,Malaysia
and India with various research backgrounds in
ocean remote sensing, disaster risk reduction, geog-
raphy, economics and sustainability science. In the
scoping workshop, we identified four components
to assess the SoVI for two pilot sites with different

geographical sizes and characteristics. The four
components were the variables, the mapping unit,
the different scales of each variable and the scoring
method.

In this study, “SoVI” refers to a demographic
evaluation of social vulnerability based on proxy
indicators accessible at both the village and grid lev-
els. In the beginning, we identified five aspects that
need to be considered in order to assess the SoVI:
(1) infrastructure—ratio hospital/health facilities,
road network, commercial area; (2) Social: popu-
lation, gender ratio, poverty, disabled, age group,
migration, married status, education (-boundary,
high school), ethnic minority, health worker ratio,
number and type of transport; (3) Economical:
income, occupation, number of households, number
of children; (4) Capacity: knowledge (hazard, early
warning system), emergency management, ability
to cope with disaster by themselves, community
participation (disaster task team, village volun-
teer), access information to the early warning sys-
tem, government support; (5) culture-indigenous
knowledge. However, since we are focused more
on site-specific, community-level analysis, we
considered only the social aspect due to the dataset’s
availability, though it may also reflect economic or
infrastructure factors.We only utilised six variables:
population, elderly, children, gender ratio, poverty
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TABLE 1. List of datasets used for the study.

Category Indicator Time span Source

Vector data set Building polygon 2023 Google Research—Open Buildings V3

(Sirko et al., 2021) (https://sites.research.google/open-bui

ldings/)

Administrative map

village level

2023 Geospatial Agency

(https://tanahair.indonesia.go.id/portal-web)

Socio

demographic data

at the village level

Number of population 2022 Statistical Agency of Bintan (https://bintankab.bps.go.i

d/publication.html), Tanjung Pinang (https://tanju

ngpinangkota.bps.go.id/publication/) and Seribu Island

(https://kepulauanseribukab.bps.go.id/publikasi.html)

District

Visiting the local authority of Bintan Island in June 2023

and Seribu Island in July 2023 to obtain somemissing data

Number of women 2022

Number of people living

in poverty

2022

Number of elderly 2022

Number of children 2022

FIGURE 2. Social Vulnerability (SoVI) research framework.

rate and built-up ratio, and all datasets are available
at the village level. Other datasets, such as infras-
tructure (access and medical care ratio), capacity,
economics and culture, were unavailable. Regarding
capacity, we conducted in-depth interviews with
local communities in the four villages on Bintan
and the four islands in the Seribu Islands. However,

we could not convert all interview results into
ordinal data across all areas, as this would create
a significant bias.

The demographic proxy indicators frequently
used in earlier social vulnerability assessments
inform the corresponding suggested SoVI. Below
is a summary of the reasoning behind each indi-
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cator’s selection. During extreme weather events
such as heat waves, floods, storms and wildfires,
older adults often experience the highest rates of
mortality and morbidity (Kriebel-Gasparro, 2022;
Leyva et al., 2017). They are particularly vulnerable
due to physiological changes, pre-existing medical
conditions, reduced mobility and socioeconomic
barriers (De Leo et al., 2026; Kriebel-Gasparro,
2022). These factorsmake themmore susceptible to
climate-related risks. Children are also particularly
vulnerable to climatehazards, evenat very low levels
of exposure, and may experience significant neuro-
logical and physical consequences as a result (Zhong
et al., 2021). They are often more adversely affected
than other groups because they typically lack the
resources to protect themselves and recover from
disasters (Chalupka et al., 2020). The other factor is
the gender ratio, which is defined as the proportion
of women in the total population. Numerous studies
indicate that women are disproportionately im-
pacted by climate hazards, especially in developing
countries (Awiti, 2022; Eastin, 2018; Garai, 2016).
This is due to increased daily responsibilities related
to food, water and energy, as well as higher health
risks, greater mortality rates and more significant
challenges to their livelihoods (Aipira et al., 2017;
Awiti, 2022; Eastin, 2018; Wright et al., 2023).
Factors such as social roles, economic dependence,
limited access to resources, cultural norms and
gender inequality contribute to women’s greater
vulnerability to the effects of climate change (Abid
et al., 2018; Md et al., 2022). Increased vulnerability
to climate-related risks in society is often associated
with higher levels of poverty (Canavire Bacarreza
et al., 2024). Research conducted in Latin Amer-
ica, the Caribbean, Pakistan and Ecuador demon-
strates that floods, drought and landslides dispro-
portionately affect poor households. Additionally,
multidimensional poverty serves as a particularly
sensitive indicator of climate vulnerability (Ahmad
et al., 2023; Canavire Bacarreza et al., 2024; Serio &
Canavire Bacarreza, 2026).

In the beginning, there are two options for
mapping units to generate the SoVI: administrative
mapping units (village-based) and grid mapping
units. However, the administrative mapping unit
has limitations in identifying the actual coastal
populationwithin 1kmof the coastline. The gridding
mapping unit was created to convert social variables
into gridded spatial data based on actual residential
areas. Another challenge was the different units of
measurement for each variable. So, we normalised

the dataset to create all variables on the same scale,
without units. In SoVI, there are various methods
for assigning weights to each variable. Thus, we
identified several options during the workshop.
Since PCA is a commonly used method, it is less
subjective and requires fewer resources to conduct
the assessment, so we applied PCA to this SoVI.

2.3.2. Gridding system for sociodemographic data

2.3.2.1. Gridding the coastal area

The coastline data obtained from the Indone-
sian Geospatial Information Agency serves as the
basis for creating the grid area. The initial step
involves preparing the coastline data, including
projection to the appropriate coordinate system.
Subsequently, we use Geographic Information Sys-
tem (GIS) software to generate the grid area with
available grid-creation tools. The cell size and grid
orientation are determined based on the desired
resolution along the coastline. This study uses a grid
size of 500 m for Bintan and 250 m for the Seribu
Islands. Visual validation is conducted to verify that
the grid covers the desired area and aligns with the
coastline.

2.3.2.2. Obtaining the detailed built-up region

“Open Buildings” is a dataset developed by
Google under “Google Research”, which provides
openly accessible information on buildings world-
wide. This study’s version 3 (V3) dataset comprises
1.8 billion building detections, covering an inference
area of 58 million km² spanning regions across
Africa, South Asia, Southeast Asia, Latin Amer-
ica and the Caribbean. The data is structured as
polygons, with attributes including each polygon’s
centroid, area andmodel-assigned confidence level.
Data acquisition involved usingGoogle Earth Engine
to extract polygons from the required areas, then
transferring the data to the cloud for subsequent use
in the social vulnerability index.

2.3.2.3. Built-up area delineation into a grid
system

In this process, the initial step is to prepare the
building dataset and the grid area to be used. The
building dataset should include precise polygonal
information on the location and boundaries of each
building. At the same time, the grid area should
align with the analytical requirements, including
cell size and appropriate coordinate projection.
Subsequently, the overlay and cropping processes
are conducted using GIS software between the
building dataset and the grid area. This results in a
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TABLE 2. Statistical variation of house floor space in Bintan and Seribu Islands in 2020.

House floor space (m2) Bintan (%) Seribu Island (%)

≤ 19 2 7

20–49 34 41

50–99 44 37

100–149 13 12

>150 7 3

new dataset containing information about buildings
within the grid. Visual validation is performed to
ensure that the extracted building polygons are
consistent and within the grid.

2.3.2.4. Residential area delineation

Table 2 shows the statistical variation of house
floor space in two pilot studies. According to a
statistical agency report, the house floor in two pilot
sites ranged from less than 19 m2 to higher than
150m2, with themost dominant being 50–99m2 on
Bintan Island and 20–49 m2 on Seribu Island. Since
the maximum floor area of the house is unclear,
we defined the building as residential if the house’s
floor area is less than 160 m2. So, if the building
has an area of 160 m2 or more, we consider it a
non-residential area (e.g., a school, factory, or other
commercial area). This analysis considers only the
spatial distribution of residential areas, converted
to population distribution per grid.

2.3.2.5. Conversion from a residential area to the
population

To calculate the population in a single grid, we
used Equation (1), where Bi is the number of resi-
dential building types and Pj is the number of peo-
ple living in each house in each village. Since each
village has population variation, we use the “spatial
join” function in ArcGIS 10.8.2 in order to estimate
the “Pj”

Population =
n

∑
i=1
BixPj. (1)

2.3.3. Normalisation dataset

In our dataset, the units for each variable are
the same (i.e., the number of people). However, the
scales differ; therefore,wenormalised the dataset to
a common scale (i.e., 0–1). Therefore, we employed
Equation (2). Xn is the normalised value, Xmin is the
minimum value and Xmax is the maximum value.
This normalisation dataset is a standard procedure

before applying the PCA and generating the spatial
dataset (Ajtai et al., 2023):

Xn = X− Xmin
Xmax − Xmin

. (2)

2.3.4. Scoring by using Principal Component analysis

One of the most crucial phases in vulnerability
analysis is determining variable weights, which
establish each variable’s significance and impact
on the SoVI, and influence the order of priorities. In
addition, the lack of a standard weighting technique
makes it challenging to choose the best strategy
for indication weighting. Assigning equal weights
or not assigning weights is a common approach
to scoring, helping to streamline the process and
reduce subjectivity and uncertainty in the findings.
However, the effects and consequences of many
indicators of social vulnerability vary (Ajtai et al.,
2023; Setiawati et al., 2021). This component must
be incorporated into the study to find the most per-
tinent indications and produce accurate results. As
a result, a number of alternative scoring techniques
were established and published in the research; the
most common were statistical techniques, which,
unlike participatory or expert-based techniques,
provide objective outcomes (Ajtai et al., 2023). This
study employed PCA to generate a vulnerability
index and to score the variables. This approach is
frequently employed in the literature and is used
in many other domains for index construction and
weighting.

The PCA-based scoring process involves several
key steps: normalisation, construction of the corre-
lation matrix, extraction of significant components
(specifically, those with eigenvalues greater than 1),
calculation of factor loadings and estimation of
the SoVI. Before applying Equations (3)–(5), it is
essential to select a significant component with
an eigenvalue greater than 1. Once we identify this
component, we can estimate the weight or score
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TABLE 3. The summary of PCA.

Component Eigen value Variance explained Cumulative variance Significant component

Standard

Deviation

Variance

explained

Cumulative

Variance

1 1.4797 0.3649 0.3649 1.4797 0.3649 0.3649

2 1.3996 0.3265 0.6914 1.3996 0.3265 0.6914

3 1.0031 0.1677 0.8591 1.0031 0.1677 0.8591

4 0.59211 0.05843 0.91749

5 0.55561 0.05145 0.96894

6 0.43169 0.03106 1.00000

for each component using Equation (3), which
involves estimating the variance explained, where
Wc represents the weight for each component. Next,
we calculate each variable’s component weight
(Wv) using Equation (4), based on the significant
factor loadings. Here, Wv denotes the proportion of
significant factor loadings (≥0.5) for each compo-
nent. Finally, the SoVI is calculated as outlined in
Equation (5), where n is the number of components
and Xji represents the normalised variables. All SoVI
calculations were conducted using ArcGIS 10.8.2
with the Spatial Analysis Toolbox.

WC = Variance Explained
Total Variance Explained

(3)

WV =
Significant Factor Loadingi

Total Significant factor loading for each component
(4)

SoVI =
1

∑
i=1
Wc1 ⋅Wv1 ⋅ Xi1 +

2

∑
i=2
Wc1 ⋅Wv1 ⋅ Xi1 (5)

+
n

∑
i=1
Wcn ⋅Wvn ⋅ Xin.

3. RESULT

In this study, we applied PCA using R version
4.2.2 and extracted three main principal compo-
nents, focusing solely on those with eigenvalues
greater than 1 (Table 3 and Figure 3). The results
show that the three components explained 85.9% of
the total variance, with the first and second compo-
nents accounting for 69.1% and 36.5%, respectively
(Table 3). Moreover, the significant variables for
each component were selected based on factor load-
ings greater than 0.5 (Table 4). Among six variables,
only five are considered in this analysis: population,
the share of children, the share of women, the share
of elderly and the poverty rate (Table 5), while the
physical/infrastructure aspect, like the built-up

ratio, was not considered (i.e., we included the
built-up ratio because it can represent vulnerability
level from an economic point of view). According
to Table 4, Principal Component 1 (PC1) and PC2
have similar characteristics, whereas the variables
weremainly categorised as sociodemographic com-
ponents, whereas PC3 was mainly categorised as
local economic capacity. PC1 includes the population
and share of child variables, PC2 consists of shared
women and elderly variables and PC3 represents the
poverty variable.

Furthermore, thevariableswereweightedwithin
each PC based on squared factor loadings, adjusted
to sum to 1.0 (Table 5). Additionally, the com-
ponent weight was computed using Equation (3).
In contrast, the variable weight was calculated
using Equation (4). Within PC1, children have the
highest weight, followed by population density, as
they directly affect vulnerability and the coastal
community’s resilience and adaptive capacity (Ta-
ble 5). Meanwhile, in PC2, shared woman received
the highest weight, followed by the elderly (Ta-
ble 5). In PC3, poverty is considered only within
the component (Table 5), since poor individuals
face greater challenges in coping with and recov-
ering from catastrophes. The PCA analysis shows
that the socioeconomic component, which also
exhibits high factor loadings, is notably significant
in addressing vulnerability and accounts for the
largest proportion of vulnerable populations. The
socioeconomic dimension is therefore given the
most weight, indicating that communities exposed
to the coastal hazardwill become evenmore prone if
they lack the resources to deal with the disaster and
have a high proportion of disadvantaged groups.
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FIGURE 3. Eigenvalue plot from the extracted component.

TABLE 4. Rotated component matrix.

Indicators PC1 PC2 PC3

Population 0.5762 0.07954 0.309

Women 0.22871 0.61265 0.0805

Elderly 0.148369 0.51675 0.58248

Children 0.59883 0.1091 0.05365

Poverty 0.32427 0.2996 0.705724

Built-up ratio 0.36046 0.499645 0.24048

TABLE 5. Summary of weight calculation.

Variables Extracted component Variable weight Component weight

PC1 PC2 PC3

Children 0.59883 0.509 0.424

Population density 0.5762 0.491

Women 0.61265 0.54 0.38

Elderly 0.51675 0.46

Poverty 0.706 0.706 0.195

3.1. Social vulnerability index in Bintan Island

After calculating theweight for each component
and variable, we integrated all significant nor-
malised variables and multiplied each component’s

and variable’s weights to obtain a single index, SoVI.

Figure 4 represents each variable’s contributions

to the index’s development. In general, there is

variation among villages in the contribution of each
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FIGURE 4. The significance of each indicator in the development of SoVI in Bintan Island.

variable to dominance. For instance, in Tanjung
AyunSakti, TanjungPinangTimur, TanjungUnggat,
Kampung Baru and Kampung Bugis (which were
mainly categorised as urban areas), age and gender
(PC 1 andPC2)were themain contributors to vulner-
ability. Meanwhile, in Kawal, Kijang Kota, Malang
Rapat, Penaga, Pengujan, Pengudang, Tanjung
Uban Kota, Tanjung Uban Selatan, Teluk Bakau
and Teluk Sasah (i.e., categorised as rural areas),
poverty is the main contributor to vulnerability.
This fact highlights that in rural areas, where job
opportunities are limited, economic ability is the
main factor in vulnerability,whereas in cities,where
job opportunities are more abundant and access to
informationandhealth care is easier, age andgender
are the most prominent factors in vulnerability.

Furthermore, the spatial distribution of SoVI
within the coastal area is described in Figure 5.
The SoVI ranged from 0 to 0.827, with an av-
erage of 0.029. In this map, we classified SoVI
into four classes: less Vulnerable (0), moderate
(0.001–0.038), high (0.039–0.047) and very high
(>0.047). The less vulnerable, moderate, high and
very high accounted for 35%, 50%, 2% and 13%
of the total coastline, respectively. Moreover, the
very high vulnerability was mainly observed in the
provincial capital city (grey polygon) of Tanjung
Pinang City; meanwhile, in the rural areas, it was
observed in Bintan Utara, Bintan Timur and Gunung
Kijang Sub-district, as shown in Figures 4 and 5.

As explained above, the main contributors to high
vulnerability in the capital city were age and gender
(Figure 4), while in the rural area, the poverty rate
was the main contributor. The less vulnerable areas
are mainly located in the Teluk Bintan and Seri
Kuala Lobam sub-districts, while the moderate
vulnerability level is mainly in the Gunung Kijang
and Bintan Utara sub-districts. However, in some
areas of Gunung Kijang Sub-district, very high
vulnerabilitywas identified, suchasKawal andTeluk
Bakau Villages (Figure 5).

3.2. Social vulnerability index in Seribu Island

Figure 6 describes each variable’s contribution
to vulnerability in the Seribu Islands. The result
stated that the variation is relatively high. For
instance, each variable has nearly equal contribu-
tions to vulnerability in the Kelapa Island village.
Meanwhile, in Panggang and Pari Island, poverty
predominantly contributes to vulnerability, fol-
lowed by population density, children and women.
Moreover, Pulau Harapan, Pulau Tidung and Pulang
Untung Jawa show that population density and
women are the most contributing factors, while
poverty is the least affecting factor. Panggang Island
has the highest vulnerability index among the five
villages, followed by Kelapa Island.

Figure 7 describes the spatial distribution of
SoVI in Seribu Island. The index ranged from 0 to
0.934, with an average value of 0.054. We used the
same range asBintan to classify the index as follows:
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FIGURE 5. SoVI for coastal communities in Bintan Island.

FIGURE 6. The significance of each indicator in the development of SoVI in Seribu Island.
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FIGURE 7. SoVI for coastal communities in Seribu Island.

less Vulnerable (0), moderate (0.001–0.038), high
(0.039–0.047) and very high (>0.047). The less
vulnerable, moderate, high and very high categories
accounted for 34%, 39%, 5% and 22%, respectively.
As a result, nearly one-third of the Seribu Islands
were categorised as having high and very high
vulnerability indexes. The less vulnerable areas (in
yellow) were inhabited islands or empty land. If
we exclude the inhabited area, the high and very
high vulnerability classes account for 40% of the
total island. Also, among the five villages, Panggang
Island Village is the most vulnerable, as the two
inhabited islands, Pramuka and Panggang, were
100% categorised as very high vulnerability. The
second rank is Kelapa Island Village (consisting of
three islands), where nearly 100% were categorised
as very high vulnerability.

4. DISCUSSION

Index-based approaches are practical and strai-
ghtforward to use, offeringflexibility in input selec-
tionalignedwith the research’s objectives, local set-
ting and accessibility (Ajtai et al., 2023). Themethod
used can identify the most vulnerable area in terms
of social context in the detailed geographic setting.
For instance, we could identify which islands within

the same village of Kelapa Island would be the most
socially affected if a coastal hazard hit the area. On
larger islands like Bintan, we could identify the ex-
act area with a population and the number of peo-
ple living in the coastal area, so this map could be
used directly by policymakers/practitioners to de-
liver disaster assistance based on prioritisation. The
gridding mapping unit is very useful for identifying
detailed geographic features rather than adminis-
trativeboundaries. Thehighest spatial resolution for
administrative boundaries in Indonesia is at the vil-
lage level. However, villages still have sub-village or
neighbourhood associations in both mainland and
archipelagic areas; a single village may span mul-
tiple islands, such as the Seribu Islands. In such a
situation, the gridding mapping unit could help the
government prioritise certain areas in greater detail,
given its limited resources.

Our statistical results showed that only socioe-
conomic variables were considered in developing
the index (Table 5), since the physical aspect had a
low loading factor. This statement also aligns with
previous research, including Wu (2021) and Ajtai
et al. (2023), which indicates that age variables are
among the most important factors in increasing
vulnerability (Kirby et al., 2019; Setiawati et al.,
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FIGURE 8. Circular Bar Plots” in R ggplot2.

2021). According to Table 5, children, population
density and women have the highest weights and
share nearly equal scores, followed by the elderly
and the poor. Moreover, according to Figure 8,
the greatest influence of SoVI was on children
and women, each accounting for 23%, followed
by population density (22%), the elderly (18%)
and poverty (15%). Based on the residual variance
among them, these two variables appear to have
contributed about equally to the regional variance
in the suggested demographic proxy-based SoVI.
The significantly high women population contri-
bution should not be construed as evidence that
women are intrinsically more vulnerable than men.
Instead, gender has been widely acknowledged as a
contextual aspect of social vulnerability, reflecting
disparities in decision-making ability, mobility,
caregiving obligations, livelihood prospects and
resource availability under certain institutional and

socioeconomic contexts (Abid et al., 2018; Aipira
et al., 2017; Awiti, 2022; Eastin, 2018; Md et al.,
2022). Thus, in line with earlier GIS-based vul-
nerability evaluations, this study uses the women
population as a demographic proxy indicator. The
substantial contribution of children is also con-
sistent with earlier research that found children
to be among the most susceptible demographic
groups due to their increased physical dependence,
restricted mobility and need for adult assistance
during and after disasters (Chalupka et al., 2020;
Zhong et al., 2021).

However, at the village level, the vulnerability
contribution variables vary. In Bintan, the most
contributing factors to vulnerability are age and
gender, which are prevalent in urban areas, while
in rural areas, poverty is prevalent. Meanwhile, on
Seribu Island, each island has a unique pattern;
however, in the big frame, the elderly factor is
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FIGURE 9. Local communities that live within 1 km of the shoreline in Bintan (a, b) and Seribu Islands (b, c).

the least contributor, while in the area with the
land legal conflict (i.e., Panggang Island, mas-
sive self-reclamation (Setiawati, Chatterjee et al.,
2023) and Pari Island-legal conflict with private
companies (World Rainforest Movement [WRM],
2022), poverty is the most contributor. Moreover,
the Seribu Islands are more socially vulnerable than
Bintan Island among the two pilot sites (Figures 5
and 7), with nearly 100% of villages experiencing
very high levels of vulnerability. Moreover, the
population density of the Seribu Islands is three
times that of Bintan coastal land and the poverty
rate is higher (i.e., the average poverty rate in Bintan
is 25%, while in the Seribu Islands it is 40%).

While a consistent set of demographic proxy
indicators is utilised to create the proposed SoVI,
the contribution of each indicator varies signifi-
cantly across different study areas. This regional
diversity highlights that no single demographic
factor consistently dominates social vulnerability.
Instead, the primary causes of vulnerability are
context-specific and depend on local socioeco-
nomic and demographic characteristics. This study

underscores the importance of grid-based demo-
graphic assessments, which can reveal localised
patterns of susceptibility that may be overlooked in
administrative-level analyses. Such detailed spatial
data provide a solid basis for developing tailored
adaptation and disaster risk reduction strategies,
focused on the unique vulnerability characteristics
of each region.

Despite statistical data indicating that theSeribu
Islands are more socially vulnerable, in the cultural
context, the rural area of Bintan is more vulnerable
than the Seribu Islands. For instance, in Teluk Bakau
andKawal villages,many inhabitants still live at sea,
using wood as the primary structural material (Fig-
ure 9) and they are the first people affected in the
event of a disaster. As a result, the area, spatial dis-
tribution, hazard type and hazard features all affect
social vulnerability, along with a particular group’s
inherent attributes. These elements interplay to cre-
ate complex interactions thatmust be carefully con-
sidered and examined. The resiliency of a commu-
nity depends on several variables that vary over time
and across communities and locations. For exam-
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ple, a component that greatly influences a particular
group might not apply to another or have the same
effect. As a result, vulnerability is a fluid concept and
themethods for analysing itmust be tailored to spe-
cific circumstances.

The development of multi-hazardmanagement
plans, including refining the spatial resolution
of the social vulnerability map, necessitates the
contextual adaptation of policies and mitigation
methods, aswell as a thorough understanding of the
local environment and social context. Policymakers,
urban planners, practitioners and local stakehold-
ers are examples of multidisciplinary players that
should be included in a comprehensive, integrated
approach. Spatial planning can boost resilience, for
example, provided it takes into account the potential
effects of coastal hazard events (e.g., floods, storm
surges, typhoons, wildfires and drought) and re-
mains suitable and place-specific. Future coastal
hazards may have varying effects depending on
how built-up regions evolve and where they are
distributed. Policies for site-specific adaptation and
mitigation could be implemented in this situation
by incorporating vulnerability assessments and
hazard maps into the decision-making process.
Setiawati et al. (2024) assessed the hazard index,
calculated from seven physical parameters, for
both Seribu Island and Bintan Island; the results
revealed that the northern parts of Bintan Island
and Seribu Island have the highest hazard index.
According to Sovi, Kawal and Teluk Bakau villages
in Bintan face very high vulnerability, while Kelapa,
Tidung and Panggang villages in the Seribu Islands
also show very high vulnerability. Combining the
hazard index information with previous research
by Setiawati et al. (2024) indicates that Kawal and
Teluk Bakau villages in Bintan and Kelapa Village in
the Seribu Islands require urgent attention, as they
face the highest risk (i.e., the highest hazard index
and SoVI). Therefore, this SoVi gridding system
assists in formulating effective risk-reduction and
sustained spatial strategies, which are essential
to developing resilient communities. This means
that government officials should focus on the most
vulnerable regions, such as Teluk Bakau, Kawal and
KelapaVillages, prioritising activities and resources,
assisting and implementing readiness measures to
enhance society’s resilience.

Almost 99% of natural hazards in Indonesia
are driven by hydrometeorological disasters, un-
derscoring the critical need to build coastal re-
silience. This necessity is firmly embedded in In-

donesia’s Climate Resilience Development Policy
for 2025–2045 (Bappenas, 2025). Moreover, both
pilot sites (Bintan and Seribu Islands) are making
significant efforts by focusing on robust hard in-
frastructure to protect the coastline from severe
abrasion and coastal flooding effectively. Simul-
taneously, they are implementing soft approaches
that actively engage local communities to mitigate
the impacts of these natural disasters (Setiawati
et al., 2024). However, the effective use of natural
capital to reduce the risk of coastal hazards and
protect local communities has thus far been limited
to Seribu Island; Bintan has yet to see these vital
measures implemented. By employing the SoVI and
the coastal hazard indexdevelopedby Setiawati et al.
(2024), local governments can confidently identify
and prioritise areas that urgently need attention to
achieve coastal resilience. For example, most of the
hard infrastructure projects were implemented on
Panggang Island. At the same time, Kelapa Island,
which faces the highest risk among the 11 inhabited
islands in the Seribu Archipelago, has not received
the same level of attention. By explaining this situa-
tion to local government officials during aworkshop
in May 2024, we can help them determine which
villages should be prioritised in future development
planning.

Kawal village serves as another urgent case.
It stands out with the highest hazard index and
SoVI. Despite its vulnerabilities, the area faces
significant mangrove destruction, yet it has been
designated as a special economic zone without
regard for mangrove protection. According to Seti-
awati et al. (2026), the health of Kawal’s mangroves
is alarmingly deteriorating. One research station
reported only a single tree, with less than 20%
canopy cover and no seedlings, along with the
lowest measurements of tree height, diameter and
above-ground biomass. This particular station is
located within the special economic zone and none
of the mangrove habitats are included in the master
plan for mangrove protection (Setiawati et al.,
2026). As a result, the local community in Kawal,
which already faces a high risk of coastal hazards,
will face serious challenges in the future due to
the continued degradation of its natural resources.
Currently, 55% of the coastline in Kawal is highly
exposed, and if natural capital is not protected, this
figure could rise to 90% (Setiawati et al., 2024).
This situation means that the number of vulnerable
communities in Kawal could increase by 64%.
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The suggested method can strengthen exist-
ing policies and enhance community adaptability,
drawing on expertise, knowledge and valuable in-
sights from the past. Official and nonprofit organi-
sations can then determine which related strategies
and activities have historically been successful in
a given neighbourhood. Additionally, the govern-
ment should focus on the most urgent areas by
implementing less expensive, resource-intensive
non-structural mitigation strategies, such as edu-
cating the public through outreach efforts, prepar-
ing them for potential hazards, and encouraging
greater community participation to better under-
stand local and social circumstances.

In contrast, further cooperation is needed to en-
courage cooperation amongst all parties involved. In
this regard, the public should actively participate in
decision-making and assume greater responsibility.
In addition, government officials should collaborate
across tiers to improve the flow of information at
local, regional and national levels. It is particularly
crucial in Indonesia since a lack of links between
decision-makers and the populace and a loss of
trust in authority are significant issues. As a result,
including communities in the decision-making
process will raise public knowledge of coastal haz-
ards and enhance interaction between the public and
the government, fosteringmutual trust between the
two groups. This social vulnerability map visualises
the spatial distribution of vulnerabilities within a
given region. Its characteristics can shed light on
why particular areas experience low resilience.

We recognise several limitations in this paper.
The SoVI is designed to encompass multiple di-
mensions, each comprising a variable number of
indicators. Previous studies by Cutter et al. (2003),
Bucherie et al. (2022) and Ajtai et al. (2023) used
11, 15 and 14 indicators, respectively, whereas our
study employed five. These earlier studies worked
at an administrative map level with lower spatial
resolution, which allowed for more comprehensive
indicator lists. In contrast, our research aimed to
downscale the SoVI using a more streamlined set
of indicators at a finer resolution (in a gridded
format). In small island districts, where a single
village may encompass multiple islands or where
villages are large and sparsely populated, providing
SoVI to local policymakers may not effectively
support their development planning. Therefore,
we developed this gridded format to address the
need for finer spatial resolution. In the future, it
will be important to include a comprehensive set

of indicators that encompass various aspects, such
as vulnerable groups, socioeconomic conditions,
education, health and coping capacity, in order
to enhance the SoVI for remote small islands in a
gridded format. In this research, we addressed only
two main aspects of SoVI: vulnerable groups and
socioeconomic factors, due to the unavailability
of village-level data in other regions. Moreover,
because we did not have the spatial distribution
of the number of victims of climate hazards in
these pilot sites, validating SoVi is difficult. Also,
we did not perform a sensitivity analysis because
we used the PCA approach, which allows us to
determine indicator weights analytically based on
the data’s variance structure rather than assigning
them subjectively. As a result, this approach reduces
the potential bias associated with equal-weight
techniques commonly used in composite indexes.

5. CONCLUSION

This study aims to develop a social vulnerability
(SoVI) map for coastal areas at two pilot sites,
using a gridding system in a multi-hazard setting.
Village-level datasets were utilised to generate the
SoVI and five indicators were employed in this anal-
ysis that considered socioeconomic components.
The results show that those five indicators could
explain 85.9% of the total variance. It also revealed
that the Seribu Islands are more socially vulnerable
than the Bintan Islands, as most of their areas were
categorised as very highly vulnerable. Moreover, the
SoVI pattern is different between the two pilot sites.
In Bintan, sociodemographic indicators dominate
vulnerability in urban areas, while economic indi-
cators are the primary indicators of vulnerability in
rural areas. In the Seribu Islands, the economic in-
dicator was the primary factor in the densest village
(Panggang Island) and in the case of conflicting land
ownership (Pari Island). In contrast, in others, the
sociodemographic factor remained the dominant
one. Measures should prioritise detailed spatial
planning and strengthen vulnerable communities
to address the multi-hazards. Therefore, a gridding
systemwas created. GIS technology provides spatial
information on SoVI, enabling policymakers to
make informed decisions. This vulnerability index
methodology can be copied in various places. How-
ever, indicators should be selected based on the local
circumstances and setting.
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