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Spatial poverty traps may arise in regions
characterized by low geographical capital 
– encompassing ecological, economic, and
social resilience – where there is a high 
percentage of impoverished citizens. Recent
reports on poverty in Indonesia have
primarily focused on distribution, lacking
comprehensive geographical context. This 
study aims to delineate the poverty traps
across Indonesia by examining both
geographical settings and poverty levels. To
achieve this objective, the study employs a
spatial poverty trap framework that integrates
economic parameters with geographic 
considerations. Secondary data sourced from
third parties were utilized; specifically, data
on geographical capital were derived from the
village development index (VDI), while
poverty level data were obtained from
Statistics Indonesia. Data analysis involved 
the application of various statistical methods,
including crosstab contingency analysis,
geographically weighted regression (GWR),
and geographic information systems (GIS).
The crosstab method was employed to
identify clusters of poverty levels in relation 
to the VDI. Regression analysis was
conducted to assess the local influence of
geographical settings on poverty levels within
the regions. Subsequently, GIS analysis was
performed to illustrate the distribution of
poverty traps across Indonesia's topography. 
The findings indicate that 26 regions are
identified as spatial poverty traps. Specifically,
the topographical analysis reveals that these
regions consist of 10 areas situated in 
mountainous regions and 16 areas located 
along coastal zones. Overall, this study 
concludes that poverty traps in Indonesia are
predominantly found in mountainous and
coastal areas. 
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Introduction 

Although Indonesia has achieved middle-income status with an average economic 
growth rate of 5% and a GDP exceeding USD 1.000 trillion (BPS 2020), poverty 
remains a persistent issue within the country's development dynamics. The economic 
decentralization implemented in 1999, intended as a solution to the disparities 
considered the root causes of poverty, has not been entirely successful. Poverty pockets 
still persist, giving rise to urban and rural poverty incidents in various regions of 
Indonesia (Arif et al. 2019). Data from the Bureau of Statistics Indonesia indicates that 
in the year 2000, the per capita income in Papua Province, which had the highest 
poverty rate in Indonesia, was recorded at USD 735. In the same year, Jakarta, as the 
economic hub, had a per capita income of USD 2,312. This disparity in income and 
development highlights the extent of inequality that prevails in Indonesia. Twenty years 
later, in 2020, it was observed that the per capita income in Papua Province had reached 
USD 1,956, while Jakarta's per capita income had risen to USD 6,394. These figures 
depict a lack of substantial progress in the equitable distribution of development in 
Indonesia over the course of two decades (see in Appendix, Figure A1). 

The stagnation of development, as evidenced by per capita income data (Kraay–
McKenzie 2014), is believed to be a consequence of the poverty trap. This mechanism 
implies that impoverished regions tend to remain entrenched in poverty, wherein 
current poverty perpetuates future poverty (Azariadis–Stachurski 2005).  
The phenomenon of extreme poverty in Indonesia, particularly in Papua Province,  
is significantly influenced by non-economic factors, which include a lack of services 
and difficulties in accessing these regions (Daimon 2001). This situation is further 
exacerbated by weak connectivity between rural and urban areas, which are integral 
to economic activities (Rijanta 2001). As a result, the impoverished population in 
these areas confronts not only the challenges posed by the poverty trap but also  
a deficiency in physical infrastructure, institutional support, and access to networks 
that are conducive to economic advancement. This condition can be specifically 
described as being spatially trapped in poverty (spatial poverty traps) (Bird 2019). 

To date, research on poverty in Indonesia has predominantly focused  
on economic factors, often neglecting geographical elements (Rahim et al. 2023). 
Therefore, this study introduces a novel perspective on poverty in Indonesia, 
emphasizing a more holistic approach that considers the critical role of geographical 
capital as a determinant in the context of poverty. 

The discourse surrounding spatial poverty traps, as noted by Sachs et al. (2004), 
Burke–Jayne (2008), and Cuong et al. (2010), is linked to the limited access of certain 
regions to other areas, resulting in isolation and the entrapment of their populations 
in impoverished conditions. Moreover, a study encompassing 89 developing 
countries globally revealed that poverty traps frequently occur in rural areas 
(Castañeda et al. 2018). In this context, accessibility plays a significant role in the 
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emergence of poverty-related issues. According to Bird et al. (2010), spatial poverty 
traps arise in regions where “geographical capital”, which encompasses physical, 
environmental, social, political, and human factors, is rated low and where high 
poverty rates prevail. This definition provides a clear framework for identifying areas 
spatially trapped in poverty, where low geographical capital and high poverty rates 
coexist. 

Referring to the concept articulated by Jalan and Ravallion, geographical capital 
encompasses the interaction between humans and the physical environment in the 
dimensions of time and space. This concept includes factors such as location, climate, 
topography, land, natural resources, technology, culture, economy, and social systems 
(Jalan–Ravallion 1997). These physical characteristics significantly influence land use 
dynamics, population distribution, and human economic activities within a region, 
making geographical capital a crucial determinant of economic development.  
Low geographical capital has far-reaching consequences for a region. Firstly,  
it imposes limitations on land use for agriculture, settlement, and other economic 
activities, thereby hindering the region's economic and social development. Secondly, 
such areas often become overly reliant on limited natural resources, which restricts 
economic diversification and heightens the risk of economic instability. Additionally, 
limited accessibility and connectivity undermine the region's overall economic growth 
and development. Regions with low geographical capital are also more susceptible  
to natural disasters, which can adversely affect infrastructure, deplete natural 
resources, and disrupt the regional economy. Beyond these direct impacts, low 
geographical capital can lead to increased outmigration and induce significant social 
changes. If these challenges are not addressed promptly, they can jeopardize the 
sustainability and dynamics of the region as a whole (Wang et al. 2021). 

This research aims to identify districts in Indonesia that exhibit spatial poverty 
traps, contributing to a comprehensive approach to poverty alleviation.  
By illuminating these regions, the study will provide the government with a more 
nuanced understanding, serving as a foundation for developing specific, effective, and 
accurate poverty alleviation policy strategies. 

Overview of the study area 

This research utilizes district-level data from across Indonesia to examine the 
influence of geographical capital on poverty. Indonesia presents an intriguing and 
critical case for the study of poverty, primarily due to its high level of heterogeneity. 
With a vast landmass of 3.25 million square kilometers spread across 17,499 islands 
and a coastline exceeding 99,083 kilometers, Indonesia holds the distinction of being 
the world's largest archipelagic nation (Passarella–Nurmaini 2022). The demographic 
composition, as revealed by the 2020 census, indicates a population of 270.20 million 
people, encompassing 1,340 ethnic groups throughout the country. These factors 
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render Indonesia a complex and vulnerable region, confronted with a myriad of 
geographical challenges, including droughts, landslides, and earthquakes, alongside 
socio-economic issues such as poverty. 

Interestingly, impoverished communities in Indonesia have demonstrated a 
remarkable capacity for managing their economic resources during crises (Saputra et 
al. 2022). This is exemplified by the relatively stable consumption patterns observed 
among these communities during the Covid-19 pandemic. Such resilience suggests 
that impoverished populations are often more adaptable in times of crisis compared 
to the middle class. In essence, these communities have become accustomed  
to navigating limitations, which presents a significant challenge to ongoing poverty 
alleviation efforts in the country. 

In this context, the deeply entrenched problem of poverty in remote regions of 
Indonesia, compounded by limited government resources for poverty alleviation, 
necessitates a multidisciplinary approach to formulate more effective policies for 
these areas (Rahim et al. 2023). As suggested by Daimon (2001), geographical factors 
are essential tools for designing poverty alleviation programs in Indonesia.  
Over nearly two decades, governmental innovations and holistic approaches have led 
to the emergence of geographical capital as a key indicator of development, now 
incorporated into the village development index (VDI) data. The VDI serves as a 
foundational dataset for the allocation of development funds in Indonesia, as outlined 
in the Ministry of Village Development of Disadvantaged Regions and 
Transmigration Number 2 of 2016. Essentially, Indonesia's development efforts are 
increasingly focused on rural areas, emphasizing indicators of social, economic, and 
environmental resilience (Yudha et al. 2020). The VDI represents the geographical 
capital in Indonesia, as villages typically possess less geographical capital than urban 
areas, making spatial poverty traps more likely to occur in these rural contexts.  

The regionalization of development status, as indicated by VDI data at the village 
level, categorizes Indonesia into five clusters: self-reliant, advanced, developing, 
underdeveloped, and severely underdeveloped regions. However, at the provincial 
level, as illustrated in Appendix Figure A2, Indonesia's regional development is 
consolidated into only four categories, omitting the self-reliant cluster from this 
classification. According to calculations for the year 2020, three regions are 
categorized as advanced: DKI Jakarta, the Special Region of Yogyakarta, and Bali 
Province. Conversely, underdeveloped and severely underdeveloped regions are 
predominantly concentrated in the eastern part of Indonesia, specifically in Maluku, 
East Nusa Tenggara, West Papua, and Papua, as well as in Sumatra, particularly North 
Sumatra. Meanwhile, a significant portion of other regions is classified as medium-
level development. 
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Figure 1 
 Changes in household per capita expenditure from September 2019 

 (pre-pandemic) to September 2020 (during the pandemic)  
(Anonymous growth incidence curve) 

 
Source: Smeru (2021). 

Research method 

Scope of the analysis 

The geographical scope of this study encompasses all regencies in Indonesia for the 
year 2020, totaling 416 regions. These regions are categorized into two primary 
divisions: western Indonesia and eastern Indonesia. This division reflects the 
disparities in economic performance and the chronic polarization of poverty that 
characterize the prevailing inequalities in the country (BPS 2021). The primary 
objective of this study is to identify areas with spatial poverty traps in Indonesia by 
employing indicators of geographical capital, which include physical, social, and 
economic elements, alongside the incidence of poverty at the regency level. 
Furthermore, utilizing the same dataset, we aim to create a typology of regions based 
on the locations of these spatial poverty traps. The findings of this research will result 
in the identification of a typology of regions affected by spatial poverty traps in 
Indonesia, which can inform the government in formulating targeted poverty 
alleviation policies tailored to specific regional characteristics. Consequently,  
the developed programs can be more effective and focused. 
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Data 

This study employs secondary data sourced from various publications. The primary 
data utilized includes the percentage of poverty at the regency level for the year 2020, 
obtained from the publications of Statistics Indonesia, encompassing a total of 416 
districts. The data on geographical capital is represented through the village 
development index (VDI) variable, which encompasses ecological (environmental), 
social, and economic components at the regency level, sourced from the Ministry of 
Villages, Development of Disadvantaged Regions and Transmigration. Spatial data, 
including administrative boundaries, elevation, and geographical coordinates, were 
acquired from the National Geospatial Information Agency through the Ina 
Geoportal website. All data utilized in this research are summarized in Table 1. 

Table 1 
 Data used in the study 

No Data Source Utilization 

1 Percentage of poverty rate 
in district level BPS (1999–2020) Percentage of the population 

below the poverty line 

2 District in figures BPS (2020) 

Extraction of demographic 
data, gross regional domestic 
product (GRDP) per capita, 
and regional potential 

3 Village development index  
in district level 

Ministry of Villages, Development 
of Disadvantaged Region and 
Transmigration (2020) 

Representation of the 
geographical capital of regions 

4 
Geographic coordinates, 
administrative boundaries, 
elevation data (RBI) 

National Geospatial Information 
Agency (Scale 1:25,000) 

Base maps for spatial poverty 
trap analysis and spatial 
weighting 

Drawing on the theory advanced by Bird, spatial poverty traps manifest in areas 
characterized by both elevated poverty rates and diminished geographical capital.  
In accordance with these parameters, poverty conditions at the district level are 
represented by the poverty rate (P0), which is calculated using the Foster-Greer-
Thorbecke (FGT) headcount poverty formula: 𝑃 = ଵ ∑ ቂ௭ି௬௭ ቃୀଵ                                             (1) 
where P0 = percentage of the population in poverty (headcount index), Z = poverty 
line, yi = average monthly per capita expenditure of the population below the poverty 
line (i = 1,2, 3,…, q), yi < z, q = number of people below the poverty line, n = total 
population. 

The value of P₀ ranges from 0 to 100, with higher values signifying greater levels 
of poverty within a given region. As per the classification system (established by 
Statistics Indonesia), poverty levels in a region are categorized into four degrees of 
severity (Table 2). 
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Table 2 
 Classification of regional poverty levels 

No Poverty status Threshold value 

1 Low poverty level < 10 
2 Middle low poverty level 10–25 
3 Middle high poverty level 26–40 
4 High poverty level   > 40 

Source: BPS (2021). 

The geographical capital parameter is calculated using a formula derived from the 
Ministry of Villages, which is based on the VDI. The formula is as follows: 

 𝑉𝐷𝐼 = ଵଷ ሾ𝐼𝐾𝑆 + 𝐼𝐾𝐸 + 𝐼𝐾𝐿ሿ,                                      (2)  
The database and calculation methodologies used in developing this index align 

with the theoretical frameworks established by Bird and Jalan, which assert that 
regional development must consider the complexity of interrelated regional elements 
(Bird 2019, Jalan–Ravallion 1997). Furthermore, the VDI is grounded in the concept 
that advancing self-sustaining regions necessitates a sustainable development 
framework, where social, economic, and ecological dimensions interact to enhance a 
region’s potential and capacity to improve the well-being of its inhabitants. 

Table 3 
 Indicators, dimensions, and composite variables of 

 the village development index  
Indicators Variables 

Social resilience index (IKS) 

1. Social solidarity 
2. Existence of tolerance 
3. Population's sense of security 
4. Social well-being 
1. Healthcare services 
2. Community empowerment 
3. Health insurance 
1. Access to primary and secondary education 
2. Access to non-formal education and knowledge 
1. Access to clean water 
2. Access to sanitation 
3. Access to electricity 
4. Access to information and communication 

Economic resilience index (IKE) 

1. Diversity of village community production 
2. Availability of trade service centres 
3. Access to distribution/logistics 
4. Access to financial and credit institutions 
5. Access to economic institutions 
6. Regional openness 

Environmental/ecological resilience index (IKL) 
1. Environmental quality 
2. Disaster prone potential 
3. Disaster response 

Source: Ministry of Village, Development of Disadvantaged Regions and Transmigration (2020). 
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A detailed overview of the composite indicators used in the VDI is presented in 
Table 3. The data utilized in the VDI calculations are sourced from the Village 
Potential Statistics of Indonesia (PODES) (BPS 2021). 

The VDI, as formulated in equation 2, is a composite index derived from three 
key indicators: the social resilience index (IKS), the economic resilience index (IKE), 
and the environmental resilience index (IKL). Each indicator encompasses a set of 
variables, aggregated into an index scored on a scale from 0 to 5. Higher scores reflect 
greater importance of the variables. The individual variable scores are summed, 
divided by the maximum possible score, and then multiplied by the total number of 
variables, producing an index value ranging from 0 to 1. The classification of these 
index values is outlined in Table 4. 

The results from the VDI range from 0 to 1. Based on these values, villages are 
categorized into five performance classifications, as shown in Table 4: 

Table 4 
 Village classification based on the village development index 

No Village status Threshold value 

1 Severely disadvantaged ≤ 0.491 

2 Underdeveloped > 0.491 and ≤ 0.599 

3 Developing > 0.599 and ≤ 0.707 

4 Advanced > 0.707 and ≤ 0.815 

5 Self-reliant > 0.800 

Source: Ministry of Village, Development of Disadvantaged Regions and Transmigration (2020). 

Both parameters are subsequently analyzed using contingency methods 
(classification via cross tabulation) to develop a matrix that reveals regional types with 
spatial poverty traps (see in Appendix Figure A2). The analysis then proceeds to 
statistically validate the existence of these traps through the geographically weighted 
regression (GWR) method, which produces coefficients and assesses the significance 
of geographical capital variables on poverty across all examined regions. 

Classification of regional types and spatial poverty traps 

Through the application of the contingency matrix method, a cross tabulation of 
poverty levels and regional development indices generates a quadrant-based typology, 
as illustrated in Figure 2. This approach identifies regions characterized by spatial 
poverty traps. Such regions, typically classified as “underdeveloped” or “severely 
disadvantaged”, exhibit middle high to high levels of poverty. 
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Figure 2 
 Regional typology based on poverty levels and regional development 

 

Delineation of spatial traps using  
geographically weighted regression  

Geographically weighted regression (GWR) is an extension of global linear regression 
that applies local weighting to each location (Fotheringham et al. 2002). Unlike global 
regression, GWR allows for variation in the parameter coefficients of each 
explanatory variable across locations, depending on geographic distance.  
This localized approach emphasizes the relationship between dependent and 
independent variables within specific areas (Fábián 2014). GWR is estimated using 
weighted least squares (WLS) and is particularly useful in cases of spatial 
heterogeneity, where heteroscedasticity is present in global regression models.  
The general form of the GWR model is expressed by the following equation:  𝑃𝑜𝑣 = 𝛽ሺ𝑢 ,𝑣ሻ + ∑  𝛽ሺ𝑢 ,𝑣ሻ𝑉𝐷𝐼 + 𝜀ୀଵ                      (3) 

In this equation, Povi represents the value of the dependent variable at location i, 
while VDIi𝑘 is the k-th independent variable at location i. The coordinates of location 
i are represented by (𝑢i, 𝑣i), where 𝛽0(𝑢i, 𝑣i) is the intercept at that location, and  𝛽𝑘 (𝑢i, 𝑣i) is the parameter of the k-th explanatory variable at location j. The term  
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𝜀i represents the error at location j. In the GWR model, neighbourhood criteria are 
determined by distance, and the weighting is applied through a kernel function 
(Oshan et al. 2019). This kernel function is used to assign weights to each location. 
The Gaussian and bi-square kernel functions used in this study are defined as follows: 𝑤 = 𝑒𝑥𝑝 ൬− ௗೕమଶమ൰                                              (4) 

𝑤 = ቐ ൬1 − ቀௗೕ ቁଶ൰ଶ   𝑖𝑓 𝑑 < ℎ0                             𝑖𝑓 𝑑 ≥ ℎ        (5) 

𝑑 = ට൫𝑢 − 𝑢൯ଶ + ൫𝑣 − 𝑣൯ଶ                                    (6) 

Equation (6) represents the Euclidean distance between locations i and j, where h 
is the bandwidth or smoothing parameter. This parameter must have a positive value, 
and the function can either be fixed (with a constant bandwidth across all locations) 
or adaptive (with varying bandwidth across locations) (Putra et al. 2022). 

The best model is chosen based on several criteria, including the Akaike 
information criterion (AIC), corrected AIC (AICc), Bayesian information criterion 
(BIC), R², and adjusted R². A superior model will have lower AIC, AICc, and BIC 
values, while exhibiting higher R² and adjusted R² values. 

The process of GWR analysis involves several stages. Initially, the model is 
developed using linear regression. This is followed by classical assumption tests and 
an examination of spatial variability. Afterward, GWR modelling is conducted, and 
the best model is selected based on the aforementioned criteria. Finally, the results of 
the selected GWR model are interpreted. 

Results and discussions 

Identification of geographical traps in Indonesia 

The primary objective of this research is to identify the presence of spatial poverty 
traps at the district level in Indonesia. The data utilized in this study comprise poverty 
percentage figures from Statistics Indonesia and the village development index (VDI) 
provided by the Ministry of Villages and Disadvantaged Regions for the year 2020. 
Through this data, a discernible pattern emerges, illustrating the relationship between 
poverty and geographical capital across Indonesia. 

As shown in Appendix Figure A1, although there has been a considerable 
reduction in poverty rates over the past 30 years, poverty remains highly polarized in 
the eastern regions of Indonesia, particularly in Papua, West Papua, Maluku, and East 
Nusa Tenggara. These regions report average poverty rates exceeding 25%, meaning 
that 25 out of every 100 residents are living in poverty. 

Conversely, the development performance, illustrated in Appendix Figure A2, 
reveals that most regions in Indonesia fall within the “developing” classification. Only 
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three regions – Special Capital Region of Jakarta, Special Region of Yogyakarta, and 
Bali – are classified as “advanced”. In contrast, the eastern regions, which are also 
marked by high poverty rates, are categorized as lagging or severely disadvantaged in 
terms of development. This disparity highlights a significant imbalance in 
development across the country, where underdevelopment in certain regions 
exacerbates poverty, thereby indicating the existence of spatial poverty traps. 

The identification of these traps is achieved through a contingency analysis of 
poverty and regional development (VDI), which serves as a representation of 
geographical capital. This analysis leads to the classification of regional types, as 
depicted in Figure 2. 

Figure 3 
 Regionalization of poverty and spatial capital in Indonesia 

 

The classification of regions using a contingency technique that examines the 
relationship between poverty percentages and geographical capital (see in Appendix 
Figure A2) results in the detailed delineation of 16 regional clusters across Indonesia, 
as shown in Figure 3. Administratively, Indonesia is divided into 416 districts, with 
the majority of these regions categorized as developing areas characterized by low to 
moderately low poverty rates. These regions share several common traits prevalent 
throughout the country. A key distinguishing feature is their high levels of social 
resilience and environmental sustainability, indicating that these areas generally 
possess sufficient economic potential to meet the needs of their populations, coupled 
with low incidences of natural disasters and social conflicts. These regions are 
predominantly located in Java, Sumatra, Kalimantan, and Sulawesi (see in Appendix 
Figure A3), and are typically characterized by low to medium elevation terrain,  
with the majority of the population engaged in agricultural activities (BPS 2021). 

In contrast, regions classified as advanced with low poverty rates are found in 
the provinces of Bali, Yogyakarta, Central Java, West Java, West Sumatra, 
West Kalimantan, Central Kalimantan, East Kalimantan, Bangka Belitung Islands, 
Riau, Maluku, and South Sulawesi. These regions are distinguished by good access to 
education, adequate infrastructure, growing economies, active community 
participation, and efforts towards achieving social equity and justice. As centers of 
economic activity, these advanced regions serve as hubs capable of supporting 
surrounding areas, and thus represent ideal conditions for sustained development. 
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According to the analysis results presented in Figure 3, regions identified as spatial 
poverty traps are found in 40 districts, with the vast majority concentrated in Eastern 
Indonesia, with the exception of North Nias and West Nias. Within this category, 
two distinct types of regions emerge: highland regions and coastal regions. Both 
geographic features exhibit characteristics that contribute to spatial poverty traps. In 
highland areas, challenging topography severely limits infrastructure access, creating 
significant obstacles for residents to participate in economic activities. Additionally, a 
heavy reliance on traditional agricultural sectors constrains economic growth 
potential, leading to developmental stagnation (Pan–Feng 2020). 

Coastal and island regions, on the other hand, face challenges related to isolation 
and limited connectivity due to their geographical separation by the sea. Moreover, a 
high dependency on limited natural resources hampers economic diversification, 
rendering these communities particularly vulnerable in their efforts to meet basic 
needs (Muta’ali 2014). 

Geographically weighted regression model for identifying regions with 
spatial poverty traps  

Geographically weighted regression (GWR) is a spatial analytical technique used to 
model and understand the relationship between dependent and independent variables 
that exhibit spatial variation (Fotheringham et al. 2002). The primary objective of 
GWR is to uncover and account for spatial variations in these relationships by 
applying distinct spatial weights for each location in the analysis. This method enables 
GWR to capture local patterns, spatial heterogeneity, and the region-specific impacts 
of independent variables (Murakami et al. 2020). As a result, GWR provides a robust 
statistical framework for examining how geographical capital influences poverty in 
Indonesia, facilitating the identification of regions characterized by spatial poverty 
traps through both theoretical foundations and empirical testing. 

Table 5 
 Global regression model 

Povi  = 13.061447 – 5.012748 VDIik  
             (0.0000) *    (0.0000) * 

R2 = 0.433109; adjusted R-squared = 0.430409 DW-stat = 1.066554;  
F-stat = 320.4816; Sig. F-stat = 0.00000; SE = 0.279503; t-statistic value = 17.934507 

Note: * significant at α = 0.01. Numbers in parentheses are the probability of the t-statistic value. 

The results of the global regression analysis, conducted using the Ordinary Least 
Squares (OLS) method (see Table 5), indicate that the geographical capital variable 
(VDI) has a probability value smaller than α, with a negative coefficient. This suggests 
that the VDI variable has a significant and inverse effect on the percentage of poverty 
in Indonesia. 
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Table 6 
Classic assumption in global regression model test results 

1. Ramsey RESET linearity test* 

F-statistic 
Value df Probability 

0.002438  (1.413)   0.9606 
 

2. Heteroscedasticity test: Breusch-Pagan-Godfrey 
Obs* R-square = 25.1460 
Prob chi-squared =   0.0000 

 

Note: * parameter test is performed in a logarithmic equation model. 

The validity of the global regression model is evaluated through classic assumption 
tests for linearity and heteroscedasticity. Tests for multicollinearity and data normality 
are omitted since the model includes only one independent variable and the dataset 
comprises over 100 observations. The results of the linearity test, using the Ramsey 
RESET method, indicate that the F-statistic probability value exceeds the significance 
level (α), confirming that the regression model employed in the analysis is linear. 

However, the heteroscedasticity test reveals that the chi-squared probability in the 
model is less than the α value, indicating a violation of the homoscedasticity 
assumption and suggesting the presence of spatial heterogeneity. Consequently, the 
global regression model using the OLS method is deemed inappropriate for analysing 
the relationship between geographical capital and poverty in Indonesia. 

Table 7 
 Geographical variability tests of local coefficients 

Variable F DIFF of criterion Result 

Intercept   7.831782  –6.912528  

VDI 17.079808 –17.410365 local variable 

The spatial variability test determines whether an independent variable exhibits 
local or global distribution. The results demonstrate that the geographical capital 
variable (VDI) is classified as a local variable, given that its DIFF of criterion is less 
than 2 (Nakaya et al. 2012). 

Table 8 
 Selection of the best kernel 

Kernel AIC AICc BIC R2 Adj-R2 

Fixed Gaussian 2375.92* 2402.38* 2650.93 0.7988* 0.7453* 

Fixed bi-square 2388.60 2410.48 2640.53* 0.7870 0.7394 

Adaptive Gaussian 2446.01 2459.50 2646.86 0.7410 0.6929 

Adaptive bi-square 2421.18 2445.35 2684.95 0.7731 0.7172 

Note: * optimal kernel. 
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Based on the results of the analysis using GWR4, the optimal kernel for the spatial 
regression model between the village development index (VDI) and poverty 
percentage is the fixed Gaussian kernel. This conclusion is drawn from the minimum 
values of AIC and AICc, alongside the highest values of R² and adjusted R². 
Therefore, the spatial regression model in this study is best fitted using the fixed 
Gaussian kernel. 

The results of the spatially weighted regression analysis (see in Appendix Figure 
A4) indicate that the geographical capital variable (VDI) exhibits a significant negative 
relationship with poverty levels in Indonesia, with a t-statistic of –7.9345. Given that 
the analysis encompasses 416 regions, the critical t-value is –1.9656. Therefore, it can 
be statistically concluded that geographical capital, represented by the VDI, has a 
significant influence on poverty levels in Indonesia. The VDI coefficient is –5.0127, 
which implies that for every one-unit increase in geographical capital, the poverty rate 
decreases by 5.01%. 

Geographically weighted regression (GWR) enables the exploration of spatial 
effects within the regression model (Isazade et al. 2023). As shown in Figure 3, 
40 regions in Indonesia are suspected of having spatial poverty traps. However, the 
GWR analysis confirms that only 26 of these regions are statistically identified as areas 
with spatial poverty traps. These regions are distributed across four provinces: two in 
North Sumatra, seven in East Nusa Tenggara, eleven in Papua, and six in West Papua. 
Furthermore, Figure A4 (see in Appendix) reveals that these regions are 
predominantly concentrated in Eastern Indonesia, including Papua, West Papua, East 
Nusa Tenggara, and parts of Nias Island (North Sumatra). 

Upon further investigation, these regions are characterized by two distinct 
geographical features. The first group includes highland areas, with elevations ranging 
from 2,303.59 meters above sea level (masl) in Puncak Jaya to 1,452.60 masl in the 
Bintang Mountains region of Papua Province. The second group consists of coastal 
regions, such as those in East Nusa Tenggara and Nias Island. 

Spatial poverty traps in highland regions of Indonesia 

Poverty in highland regions, as explained by Mauna et al. (2018), arises from 
challenging topographical conditions and limited accessibility. These factors lead to 
social and economic isolation for the residents of these areas, resulting in chronic 
poverty. The findings of this study align with this explanation, underscoring the 
prevalence of geographically trapped poverty. Specifically, analysis using the digital 
elevation model (DEM) in geographic information systems (GIS) reveals that such 
conditions are particularly prevalent in areas situated at elevations exceeding 
1,000 meters above sea level, compounded by limited access networks and inadequate 
infrastructure, as illustrated in Figure A6 (see in Appendix) and Table 9. 
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Additionally, research by Passarella–Nurmaini (2022) highlights that Papua 
Province is one of the most perilous regions for air transportation, corroborating the 
findings of this study. Furthermore, a 2017 report by the International Labour 
Organization (ILO) found that 80% of the highland regions in Papua are entrenched 
in severe poverty (Jansen et al. 2006). The challenging topography of Papua, 
combined with limited access due to ongoing armed conflicts, significantly hinders 
community activities, further exacerbating the region's poverty.  

Table 9 
Regions with spatial poverty traps in highland terrain 

Province Regions Height [masl] 
GWR coefficient 

β0 β1VDI 

Papua Jayawijaya 1,659.40   21.932654   –3.974562 
Papua Central Mamberamo 989.91   18.843587   –5.009973 
Papua Bintang Mountains 1,452.60    9.585429   –7.890066 
Papua Puncak Jaya 2,303.59   26.142200   –2.560639 
Papua Tolikara 1,117.87   22.347202   –3.848059 
Papua Yahukimo 1,066.56   17.618953   –5.337294 
Papua Yalimo 1,550   16.012280   –5.894383 
Papua Lanny Jaya 2,117.42   25.081827   –2.908754 
West Papua Manokwari Selatan 2,411.67   15.007385   –6.312424 
West Papua Maybrat 1,012   13.404734   –6.675163 

Table 9 illustrates the identification of spatial poverty traps in the highland regions 
of Indonesia. This research highlights 10 regions, located in the provinces of Papua 
and West Papua, as falling within this type of poverty trap. The findings from the 
GWR analysis suggest a tendency for the constant term to increase in areas situated 
at elevations exceeding 1,000 meters above sea level. This indicates that higher 
altitudes are associated with a higher likelihood of elevated poverty rates. These 
findings underscore the significant challenges related to infrastructure and 
accessibility, particularly in the mountainous terrain of Papua Island, which hinders 
the population's ability to meet basic needs. 

Despite these limitations, the regions of Papua and West Papua are rich in natural 
resources, positioning them as resource enclaves (Muta’ali 2014). Therefore, there is 
a critical need for infrastructure development and improved connectivity to facilitate 
access to the outside world, thereby improving the well-being of the local population. 

Distribution of coastal spatial poverty traps in Indonesia 

The second type of geographical poverty trap is observed in coastal regions, 
particularly in North Sumatra, East Nusa Tenggara, Papua, and West Papua (see in 
Appendix Figure A7 and Table 10). The results of the GIS analysis reveal that coastal 
spatial poverty traps are frequently found in island clusters. The GWR analysis further 
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supports this, showing that regions with a higher concentration of islands tend to 
have elevated coefficients, indicating a greater susceptibility to poverty traps in these 
coastal areas. These findings emphasize the need for targeted interventions in island 
districts, which are more prone to poverty due to geographic isolation and frequent 
climate-related disruptions, as noted by Olivia et al. (2011). 

The findings of this study align with the comprehensive research by Widayatun 
(2016), which examined human resource development in coastal areas. Poverty in 
Indonesia's coastal and island regions is driven by a combination of internal and 
external factors. Internally, coastal and fishing communities face challenges such as 
(1) limited technological skills and business management, (2) reliance on traditional 
and subsistence livelihoods that provide only short-term survival, (3) insufficient 
financial resources for business development, and (4) widespread poverty among 
coastal communities and fishermen. 

Externally, government policies on coastal and marine development primarily 
focus on productivity, favouring economic growth in non-traditional sectors, while 
often neglecting the needs of traditional fishermen. These policies tend to have a 
partial economic impact. Furthermore, environmental degradation from illegal fishing 
practices – such as the use of explosives and potassium – and the destruction of coral 
reefs through mining have further compounded the challenges in these regions. 

A lack of awareness about the strategic importance of integrated coastal and 
marine resource management has hindered the optimal use of natural resources in 
coastal and island regions. Consequently, the complexity of issues in these regions 
suggests that escaping poverty is often more challenging compared to highland areas. 

Table 10 
 Regions with coastal spatial poverty traps 

Province Regions Number of 
islands 

Local regression model 

β0 β1VDI 
North Sumatera North Nias 1   10.603765   –5.116115 
North Sumatera West Nias 1   10.420282   –5.085453 
East Nusa Tenggara Lembata 69   13.453490   –9.148367 
East Nusa Tenggara East Manggarai 1   14.423962   –9.868490 
East Nusa Tenggara Sabu Raijua  5   14.061445  –12.385456 
East Nusa Tenggara Sumba Barat 29   18.328763   –8.743702 
East Nusa Tenggara Southwest Sumba  1   18.715043   –8.241433 
East Nusa Tenggara Central Sumba 16   17.507802   –9.118270 
East Nusa Tenggara East Sumba 78   15.869903  –11.178086 
Papua Asmat 4   25.027800   –2.756982 
Papua Mappi 3   –1.577607  –11.703268 
Papua Memberamo Raya 10   23.217952   –3.568513 
West Papua Teluk Wondama 249   20.527346   –3.735430 
West Papua Sorong 110   12.887698   –6.548539 
West Papua Tambrauw 2   11.874387   –7.573825 
West Papua Teluk Bintuni 29   17.047497   –5.228690 
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To effectively address these spatial poverty traps, a holistic approach is essential. 
This approach should include infrastructure development, economic diversification, 
equitable access to education and healthcare, and the empowerment of local 
communities. A comprehensive strategy of this nature will enhance accessibility, 
create economic opportunities, and reduce disparities among highland, island, and 
other marginalized regions in Indonesia. 

Conclusion 

The identification of spatial poverty traps in Indonesia, based on geographical capital 
parameters and poverty percentages, was conducted through a crosstab contingency 
index and spatial regression analysis. The results reveal that 26 regions in Indonesia 
are trapped in spatial poverty. Of these, 16 regions exhibit island topography and are 
distributed across West and North Nias in North Sumatra Province, seven in East 
Nusa Tenggara, four in West Papua, and two in Papua Province. Additionally, spatial 
poverty traps are identified in 10 highland regions, with seven located in Papua 
Province and three in West Papua Province. Statistical analysis demonstrates that 
these two geographic features – highland and island topography – play a significant 
role in the formation of spatial poverty traps in Indonesia. This study provides new 
insights into the existence of poverty traps in mountainous and coastal areas of the 
country. Future research will further explore the key factors contributing to these 
spatial poverty traps and offer deeper analysis into the underlying causes in these 
regions. 
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Appendix 

Figure A1 
 Distribution of percentage of poor population  

among provinces over time in Indonesia 
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Figure A2 
 Regional development distribution in Indonesia, 2020 

 
Figure A3 

 Poverty and regional development levels of districts in Indonesia 
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Figure A4 
 Results of the geographically weighted regression analysis 
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Figure A5 
 Regions with spatial poverty traps in Indonesia 

 
Figure A6 

 Indonesia mountainous poverty trap 
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Figure A7 
 Indonesia coastal poverty trap 
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