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Abstract

This study examines the multidimensional nature of poverty and its underlying local
determinants within the Suri Sadar Sub-Division of Birbhum District, Eastern India, an
area marked by sharp ecological and socio-economic contrasts. Adopting a mixed-method
approach, the research integrates primary household survey data (2024-25) with secondary
spatial datasets to construct a comprehensive analytical framework. The extent and inten-
sity of multidimensional poverty were measured using the Alkire–Foster (AF) method,
while the determinants were identified through a Binary Logistic Regression model. Find-
ings reveal that multidimensional poverty in the region is deeply rooted in the intersection
of human, environmental, and spatial factors rather than mere income deprivation. Ap-
proximately 26.8 per cent of households were found to be multidimensionally poor, with
the western plateau blocks, i.e., Rajnagar, Khoyrasole, and Md. Bazar, showing the highest
deprivation levels. Spatial poverty drivers include education, agriculture, and gender
equality improvements. Policy implications emphasise the need for geographically tailored,
multi-sectoral interventions that focus on human capability, investing in infrastructure,
and promoting gender-inclusive development. By elucidating the localized dynamics of
poverty, this research contributes to the broader discourse on spatial inequality and sustain-
able development in rural Eastern India, offering actionable insights for evidence-based
regional planning and targeted poverty alleviation.

Keywords: multidimensional poverty; spatial inequality; local determinants; Alkire–Foster
method; binary logistic regression; Suri Sadar sub-division

1. Introduction
Poverty remains one of the most persistent and multifaceted challenges in the contem-

porary world, transcending the boundaries of mere economic deprivation to encompass
multiple dimensions of human well-being [1,2]. Although the global community has made
significant strides toward reducing extreme poverty in the last few decades, particularly
under the framework of the Millennium Development Goals (MDGs) and the ongoing
Sustainable Development Goals (SDGs), poverty continues to manifest in complex, inter-
woven forms across developing regions [3]. The recognition that poverty extends beyond
low income to include deficits in education, health, housing, and social inclusion has
fundamentally reshaped academic discourse and policy approaches [4]. In this context,
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the multidimensional understanding of poverty provides a more holistic and human-
centered framework for analyzing deprivation, capturing the intricate interplay between
structural, spatial, and socio-economic variables that define the lived experiences of poor
households [5,6].

Traditional unidimensional measures of poverty, primarily income- or consumption-
based, have historically served as dominant tools for evaluating economic deprivation.
While these measures offer valuable insights into the financial condition of households, they
fall short of representing the complex realities of poverty in its entirety [7]. The economic
approach, rooted in resource inadequacy, often overlooks the qualitative dimensions of hu-
man life, such as access to education, healthcare, housing conditions, environmental quality,
empowerment, etc., which are equally vital for assessing well-being [8]. This conceptual
limitation has been critically addressed by scholars such as Sen [9,10] who introduced
the capability approach, emphasizing the substantive freedoms individuals possess to
lead lives they value. Following this paradigm, multidimensional poverty measurement
frameworks, including the Human Development Index (HDI) and the Multidimensional
Poverty Index (MPI), have emerged as more comprehensive alternatives that assess de-
privation through multiple interrelated indicators. In recent years, the multidimensional
poverty framework has gained considerable prominence in both academic and policy
circles [11]. The approach recognizes that poverty is not a unidirectional phenomenon
but rather a network of intersecting disadvantages that jointly constrain individuals and
households [12]. For instance, a household may experience deprivation in education and
health even if it marginally exceeds the income poverty threshold, indicating that economic
growth alone cannot guarantee improved well-being [13]. Thus, multidimensional poverty
analysis allows researchers and policymakers to capture the cumulative effects of multiple
deprivations, identify interconnections among indicators, and design targeted interventions
that address both economic and non-economic dimensions of poverty.

India, as one of the world’s largest developing economies, presents a compelling case
for examining poverty from a multidimensional perspective [14]. Despite achieving notable
progress in economic growth and human development since the 1990s, poverty continues
to exhibit significant regional and social disparities [15]. The persistence of deprivation in
rural areas underscores the limitations of growth-driven poverty alleviation strategies that
neglect local and structural constraints [16]. According to the Global Multidimensional
Poverty Index [17,18], India has successfully reduced its MPI-poor population over the
past decade; however, rural areas, particularly in the eastern and central states, continue to
experience high deprivation levels [19]. States such as Bihar, Jharkhand, Odisha, Chhattis-
garh, Madhya Pradesh, and West Bengal represent the core of India’s poverty belt, where
economic underdevelopment, social exclusion, and infrastructural deficiencies reinforce cy-
cles of deprivation. Within these states, intra-regional variations are particularly significant,
with pockets of intense poverty often concentrated in specific ecological and socio-cultural
zones [20].

West Bengal, located in eastern India, occupies a paradoxical position in the national
development narrative. The state has achieved moderate economic progress and notable
improvements in human development indicators, yet large segments of its rural popu-
lation continue to endure persistent multidimensional poverty [21]. The reasons for this
persistence are deeply embedded in the state’s agrarian structure, uneven industrialization,
demographic pressures, and spatial disparities between the western plateau fringe and
the more fertile eastern plains [22]. Within the state, Birbhum district exemplifies this
duality of development. While certain areas benefit from proximity to urban centers and
better infrastructural connectivity, others, particularly those situated in the western plateau
fringe, remain marginalized due to adverse agro-ecological conditions, lower agricultural
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productivity, and limited access to basic amenities [23]. Such heterogeneity within a single
district underscores the importance of conducting micro-level analyses that account for
local determinants influencing multidimensional poverty. The Suri Sadar Sub-Division of
Birbhum district serves as an appropriate micro-level case for examining these disparities
due to its pronounced environmental and socio-economic heterogeneity. The coexistence
of plateau and alluvial regions, along with variations in agricultural productivity and
infrastructure, creates a diverse setting for analyzing multidimensional poverty.

Understanding poverty in such a micro-regional framework requires an analytical
approach that integrates both household-level and spatial determinants. While conven-
tional poverty studies in India often rely on macro-level datasets, they tend to obscure the
local variability that shapes deprivation patterns. A micro-level approach, supported by
household surveys and spatial analysis, enables the identification of localized drivers of
poverty that remain invisible in aggregated statistics [24]. In this context, the present study
adopts a multidimensional and spatially sensitive framework to examine how individual
and regional factors jointly determine poverty outcomes in the Suri Sadar Sub-Division.
By doing so, it aligns with the growing emphasis in geographical scholarship on place-
based analyses of poverty that recognize the interplay between socio-economic structures,
environmental conditions, and institutional contexts.

The multidimensional nature of poverty necessitates examining determinants that
go beyond mere income or expenditure [25]. At the household level, factors such as the
size of the household, the gender and educational attainment of the household head, and
marital status significantly shape poverty outcomes by influencing resource allocation,
income-generating capacity, and access to social networks [26]. Simultaneously, regional
determinants, including physiographic conditions, elevation, soil type, distance from
markets, cropping intensity, and gender gaps in literacy, employment, etc., create the
spatial context within which households experience deprivation [27]. This interaction
between individual and structural factors forms the foundation of the current investigation.
The study thus emphasizes the need to interpret poverty as a geographically embedded
process influenced by both human and environmental systems.

From the perspective of regional development theory, poverty is often closely linked
to spatial inequality in the distribution of resources, infrastructure, and economic oppor-
tunities [28]. Scholars of economic geography have long argued that uneven regional
development results from historical processes of capital concentration, infrastructural in-
vestment, and ecological endowments, which together shape the spatial pattern of welfare
outcomes [29]. In developing countries, regions characterized by fragile environments,
poor connectivity, and limited institutional support frequently experience persistent depri-
vation despite broader economic growth. Consequently, geographic determinants such as
terrain conditions, soil fertility, irrigation potential, and accessibility to markets and services
become critical factors influencing livelihood opportunities and human well-being [30].
Integrating these spatial dimensions into poverty analysis, therefore, allows for a deeper
understanding of how regional inequalities translate into multidimensional deprivation at
the household level.

From a methodological standpoint, multidimensional poverty assessment offers a
systematic framework for quantifying deprivation through multiple indicators [31]. The
Alkire–Foster (AF) method, which serves as the backbone of multidimensional poverty
measurement, has been widely adopted at global and national levels, including by India’s
NITI Aayog in its estimation of the National Multidimensional Poverty Index [1,31–33].
Therefore, the present research employs a micro-level adaptation of the AF methodol-
ogy, coupled with binary logistic regression, to explore how local determinants influ-
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ence multidimensional poverty across different community development blocks within
Suri Sadar.

The rationale for focusing on local determinants stems from the recognition that
poverty reduction policies must be tailored to the specific socio-spatial realities of each
region [34]. The experience of poverty in plateau-fringe areas differs fundamentally from
that in alluvial plains, just as the constraints faced by female-headed households differ
from those of male-headed ones [23,35]. Consequently, policy interventions grounded in
localized empirical evidence are likely to be more effective in addressing the root causes
of poverty than uniform, top-down strategies [36]. By identifying the determinants that
significantly contribute to multidimensional poverty in Suri Sadar, this research seeks to
inform the design of place-specific interventions that promote equitable and sustainable
development. Moreover, studying multidimensional poverty through a geographical
lens enriches our understanding of how spatial inequality interacts with socio-economic
processes. Geography, as a discipline, provides critical tools to analyze the spatiality of
poverty, how it is distributed, how it correlates with environmental features, and how
access to resources and opportunities varies across space [37]. Spatial heterogeneity is not
merely a background condition but an active determinant that mediates the translation
of economic and social capital into human well-being [38]. The inclusion of geographical
parameters such as elevation, soil texture, and market accessibility in this study underscores
the necessity of integrating spatial variables into poverty analysis, an approach that remains
underrepresented in mainstream economic studies.

The study also contributes to the broader discourse on sustainable development.
The United Nations’ 2030 Agenda explicitly identifies the eradication of poverty in all
its forms as the first Sustainable Development Goal (SDG 1) [39]. However, the goal’s
realization depends on recognizing the localized and multidimensional character of poverty.
Understanding how specific regional and household-level factors perpetuate deprivation
provides the empirical foundation for achieving other interconnected goals, including
quality education (SDG 4), gender equality (SDG 5), reduced inequalities (SDG 10), and
sustainable communities (SDG 11) [40,41]. Thus, this research transcends mere academic
inquiry; it aligns with global efforts to operationalize inclusive and sustainable pathways
of development through evidence-based policymaking.

In this regard, the Suri Sadar Sub-Division represents an instructive case study that
illustrates the complex interrelations among environment, economy, and society in shap-
ing human well-being. Its physiographic diversity, agricultural dependence, and socio-
economic stratification offer fertile ground for analyzing how localized conditions influence
multidimensional poverty. The empirical findings generated from this study will not only
provide insights into the spatial patterning of poverty within Birbhum district but also
contribute to comparative studies across other regions of eastern India facing similar chal-
lenges. By highlighting the intersection of geography and human deprivation, the research
underscores the indispensable role of spatial analysis in understanding and addressing
multidimensional poverty in rural India.

The selection of the Suri Sadar Sub-Division as the study area is motivated by its
unique combination of environmental diversity and socio-economic inequality. Marked
contrasts between plateau fringe and alluvial plains, disparities in resource accessibility, and
variations in livelihood opportunities make the region particularly suitable for investigating
how local conditions shape multidimensional poverty at a micro scale.

Against this background, the present study aims to examine multidimensional poverty
from a micro-level perspective in the Suri Sadar Sub-Division of Birbhum district, West
Bengal. The specific objectives are threefold: first, to measure the extent and intensity of
multidimensional poverty using the Alkire–Foster method; second, to identify the key
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household-level and regional determinants influencing poverty through a binary logistic
regression framework; and third, to analyze the spatial patterns of deprivation to generate
insights for targeted and place-specific policy interventions. Through this integrative
approach, the study seeks to contribute to a more nuanced geographical understanding of
poverty in eastern India.

2. Materials and Methods
2.1. Study Area

The present study has been conducted in the Suri Sadar Sub-Division, one of the
three administrative sub-divisions of Birbhum District in the state of West Bengal, Eastern
India. Geographically, the area lies approximately between 23◦07′40′′ N and 23◦41′30′′

N latitudes and 87◦05′20′′ E and 87◦46′20′′ E longitudes, covering the central to western
parts of the district (Figure 1). The sub-division comprises seven Community Development
(C.D.) Blocks, namely, Suri-I, Suri-II, Sainthia, Dubrajpur, Mohammad Bazar, Rajnagar,
and Khoyrasole, and three municipalities, namely, Suri, Sainthia, and Dubrajpur [27]. The
total geographical area of this administrative unit represents a significant proportion of
the district’s rural population and displays a distinctive spatial diversity in terms of its
physiographic and socio-economic characteristics.

Figure 1. Location map of study area—(a) India, (b) West Bengal, (c) Suri Sadar Sub-division.

According to recent Census and district statistical records, the sub-division is pre-
dominantly rural, with agriculture and allied activities forming the principal source of
livelihood for a large share of the population [27]. Paddy cultivation, along with oilseeds
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and pulses, dominates the cropping pattern, although productivity varies considerably
across the plateau and alluvial zones [42]. In addition to agriculture, segments of the
population depend on small-scale industries, mining-related activities, informal trade, and
service-sector employment in nearby towns such as Suri and Sainthia. However, dispari-
ties in infrastructure, educational attainment, irrigation facilities, and market accessibility
contribute to uneven patterns of socio-economic development across the blocks [23]. These
variations provide an important contextual background for understanding the spatial
distribution of multidimensional poverty in the study region.

Physiographically, the region occupies a transitional zone between the Chhotanagpur
Plateau fringe in the west and the Brahmani-Mayurakshi Plain in the east, which gives rise
to noticeable contrasts in relief, soil, and land use [43]. The western C.D. Blocks, including
Rajnagar, Khoyrasole, and Mohammad Bazar, are characterized by undulating lateritic
terrain, coarse-textured soils, and relatively low water-retention capacity, conditions that
limit agricultural productivity. In contrast, the eastern and southern blocks, such as Sainthia
and Suri-II, exhibit fertile alluvial soils and a more intensive agricultural economy sup-
ported by irrigation [23]. These environmental variations substantially influence patterns
of livelihood, settlement distribution, and poverty intensity across the sub-division.

The climate of Suri Sadar Sub-Division is tropical monsoonal, with hot summers, a
pronounced rainy season from June to September, and a cool, dry winter. Rainfall averages
around 1200–1400 mm annually, though its distribution is uneven, contributing to frequent
droughts in the plateau fringe areas [44]. The economy is primarily agrarian, supplemented
by small-scale industries, animal husbandry, and informal sector employment. This diverse
and ecologically sensitive environment makes the sub-division an ideal case for exploring
the spatial variability and determinants of multidimensional poverty, where both natural
and socio-economic factors intersect to shape the well-being of rural households.

In addition to its physical and economic characteristics, the Suri Sadar Sub-Division
also exhibits important demographic and socio-cultural features. The region is predomi-
nantly rural, with a significant share of the population engaged in agriculture and informal
activities [27]. The presence of Scheduled Castes and Scheduled Tribes, particularly in
the western plateau areas, reflects existing social disparities. Variations in literacy, gender
roles, and workforce participation further indicate uneven social development across the
sub-division [23]. These human dimensions provide essential context for understanding
the spatial patterns of multidimensional poverty in the study area.

2.2. Database and Data Sources

The present research relies on a combination of primary and secondary data sources,
integrated to construct a robust analytical framework for understanding the determinants of
multidimensional poverty in this study region. The use of mixed data sources ensures both
empirical depth and spatial comprehensiveness, enabling the study to address household-
level deprivation within the broader environmental and infrastructural context of
the region.

The primary data were obtained through an extensive household survey conducted
between January 2024 and May 2025 across all seven C.D. Blocks. A multi-stage sampling
technique was employed to achieve representativeness and spatial balance. In the first
stage, villages were selected using the Probability Proportionate to Size (PPS) method [45],
ensuring that the number of selected households in each block was proportional to its
population size. In the second stage, households were chosen through simple random
sampling from the village-level household list provided by the 2011 census data [46].
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The sample size for the survey was determined using Cochran’s formula, which is
appropriate for large and finite populations. The formula for a finite population [47] is
expressed as:

n =
no

1 + no
N

no =
Z2 p(1 − p)

e2

where n represents sample size, N represents population size, e represents acceptable
sampling error (5% = 0.05), p represents the proportions of the population, and Z is the Z
value at the reliability level or significance level.

Adjusting for the finite population of 246,863 households from the entire Sub-Division,
the minimum required sample size was approximately 3763 households. However, to
account for possible non-responses and to improve statistical precision, an additional 5% of
the sample has been taken into consideration from each C.D. block and municipality area,
and the final survey included 3952 households distributed across all seven C.D. Blocks and
municipality areas. This approach ensured both representativeness and robustness of data
for subsequent statistical and spatial analysis.

A structured questionnaire schedule was developed to capture multidimensional
aspects of poverty following the conceptual framework of the Alkire–Foster (AF) method-
ology, consistent with the parameters used by NITI Aayog (2023) for India’s National
Multidimensional Poverty Index. The questionnaire covered three primary dimensions,
i.e., education, health, and standard of living, along with supplementary socio-economic
and demographic information. It included indicators such as school attendance, years of
schooling, access to drinking water, sanitation, electricity, type of housing, cooking fuel,
asset ownership, employment characteristics, etc. Each question was carefully framed to
quantify deprivation levels among rural households.

Before the main survey, a pilot study was conducted in two villages to test the re-
liability and internal consistency of the questionnaire. Necessary modifications were
incorporated based on the pilot feedback. The reliability of the survey instrument was sta-
tistically verified using Cronbach’s Alpha, which produced a coefficient of 0.968, indicating
excellent internal consistency among variables. Field data were collected through direct
interviews conducted by trained investigators using a combination of structured and semi-
structured questions.

The secondary data sources complemented the primary data by providing broader
contextual and spatial information. Demographic and socio-economic indicators such
as literacy rate, workforce participation, and housing conditions were obtained from the
Census of India (2011) and the District Census Handbook of Birbhum. Topographical
and elevation data were extracted from the Shuttle Radar Topography Mission (SRTM)
30 m Digital Elevation Model (DEM), while soil texture and land use data were collected
from the National Bureau of Soil Survey and Land Use Planning (NBSS&LUP) and the
National Remote Sensing Centre (NRSC). Climatic and rainfall data were obtained from
the India Meteorological Department (IMD) and the District Statistical Handbook (2022).
Data related to cropping intensity, irrigation coverage, and agricultural productivity were
compiled from the Department of Agriculture, Government of West Bengal, and the Dis-
trict Agriculture Office, Suri. Road networks and market locations were mapped using
open-source geospatial datasets (OpenStreetMap) and verified through ground truthing
during fieldwork.

All spatial datasets were standardized into a common coordinate reference system
(WGS 84, UTM Zone 45N). The integration of these secondary layers with household-level
primary data was performed in ArcGIS 10.5 (evaluated copy), enabling the extraction
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of location-specific attributes for each surveyed household. This geospatial integration
provided the analytical foundation for assessing how socio-economic and environmental
factors jointly influence multidimensional poverty within the study area.

The synthesis of both primary and secondary databases thus established a compre-
hensive and spatially referenced dataset. This hybrid framework not only strengthens the
empirical validity of the study but also facilitates the application of both Alkire–Foster
(AF) multidimensional poverty measurement and binary logistic regression modeling for
determinant analysis [48–50]. Such integration of household and spatial data enhances
the capacity to identify localized patterns of deprivation, thereby contributing to a more
nuanced geographical understanding of poverty in the Suri Sadar Sub-Division.

2.3. Selection and Description of Variables

The selection of explanatory variables for this study is guided by both theoretical
reasoning and empirical observations linking socio-economic characteristics, environmental
attributes, and infrastructural accessibility with multidimensional poverty. Poverty is not
merely an outcome of income insufficiency; it arises from multiple interrelated deprivations
shaped by demographic, educational, environmental, and locational factors [37]. To capture
these complex interactions, the present study considers a comprehensive set of variables
classified into two broad categories: household-level variables and regional or spatial
variables. Each variable was selected based on its relevance to the multidimensional
poverty framework and its potential explanatory influence on household deprivation
patterns.

Household-Level Variables

1. Household Size (X1): Household size denotes the total number of members residing
within a single family unit. Larger households generally exhibit a higher dependency
ratio, lower per capita income, and greater consumption burden, thereby increasing
their likelihood of falling into multidimensional poverty [51]. This variable was
measured as a discrete count of individuals per household.

2. Gender of the Household Head (X2): Gender plays a crucial role in determining
access to resources, decision-making, and livelihood opportunities. Female-headed
households often experience limited asset ownership, lower education, and reduced
access to credit and employment opportunities [52]. This variable was coded as a
binary category, 1 for male-headed and 0 for female-headed households.

3. Educational Attainment of the Household Head (X3): Education serves as a funda-
mental determinant of human capability and economic productivity. Households
where the head has higher education levels are more likely to diversify income sources
and access formal employment [53]. This variable was measured categorically based
on the highest completed level of formal education: illiterate, primary, secondary,
and higher.

4. Marital Status of the Household Head (X4): Marital stability influences economic
security and social support systems. Widowed or separated household heads of-
ten face economic marginalization and limited access to social safety nets [54,55].
This variable was coded dichotomously: married (1) and unmarried/widowed/
separated (0).

5. Living Area (Rural or Urban) (X5): The type of residential location, rural or urban,
affects livelihood opportunities, access to infrastructure, and service availability. Ur-
ban households usually enjoy better access to education, healthcare, and employment
markets, whereas rural households often face limited access to such facilities, making
them more susceptible to multidimensional deprivation [56,57]. This variable was
classified as a binary category: rural (0) and urban (1).
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Regional or Spatial Variables

6. Elevation (X6): Elevation, derived from Shuttle Radar Topography Mission (SRTM)
30 m DEM data, serves as an indicator of terrain and agro-ecological potential [58,59].
Higher elevation areas in the western plateau fringe correspond to poor soils and
water scarcity, contributing to livelihood insecurity. Figure 2a illustrates the spa-
tial distribution of elevation, revealing a distinct west–east gradient that influences
agricultural potential and settlement density.

Figure 2. Cont.
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Figure 2. Spatiality of some employed variables—(a) Elevation, (b) Physiographic Division,
(c) Soil Texture, (d) Cropping Intensity, (e) Crop Productivity, (f) Pond Frequency, (g) Literacy Rate,
(h) Gender Gap in Literacy, (i) Gender Gap in Workforce Participation, (j) Sex Ratio.

7. Physiographic Division (X7): Physiographic division determines land usability and
irrigation feasibility. Upland and dissected terrains restrict cultivation, accelerate soil
erosion, and limit mechanization, while plain regions support agriculture; together,
these contrasts shape livelihoods and influence the intensity of rural poverty [60,61].
The study area comprises three physiographic units, i.e., the Bakreswar Upland, the
Brahmani-Mayurakshi Plain, and the Suri-Bolpur Plain (Figure 2b).

8. Soil Texture (X8): Soil texture is a major determinant of agricultural productivity.
Coarse-textured lateritic soils dominate the western uplands, while fine-textured
alluvial soils occur in the eastern plains [62]. The variable was categorized into
sandy, loamy, and clayey classes based on NBSS&LUP data. Areas with lateritic soil
correspond with low fertility and high poverty incidence. Figure 2c presents the
spatial pattern of soil texture across the Suri Sadar Sub-Division.

9. Cropping Intensity (X9): Cropping intensity, expressed as the ratio of gross cropped
area to net sown area, reflects the level of agricultural utilization and livelihood
engagement. Higher intensity indicates better land use efficiency and income stabil-
ity [63]. Data were derived from block-level agricultural records. Figure 2d depicts
the spatial variation in cropping intensity, showing higher values in the alluvial plains
of Sainthia and Suri-II blocks.
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Cropping Intensity = (
Gross Cropped Area (Total physical area cultivated)

Net Sown Area (Total seasonal area sown)
)× 100

10. Crop Productivity (X10): Crop productivity measures the average yield per hectare
for major crops and reflects the efficiency of agricultural production systems. Lower
productivity, common in the plateau areas, correlates with higher vulnerability to
poverty [64]. Data were obtained from district agricultural statistics. Figure 2e
illustrates the spatial pattern of agricultural productivity within the study region.

11. Pond Frequency (X11): Ponds serve as critical local water resources for irrigation,
aquaculture, and domestic use, particularly in rural areas. A higher pond frequency
enhances livelihood security and reduces vulnerability during dry seasons [65]. The
variable was calculated as the number of ponds per square kilometre using remote
sensing and field verification data. Figure 2f illustrates the spatial distribution of
pond frequency across the study area, with higher concentrations in the eastern and
southern blocks.

12. Distance from Nearest Market Centre (X12): Proximity to market centres determines
access to goods, services, and non-farm employment. Greater distances increase
transaction costs and limit livelihood diversification [66]. This variable was measured
in kilometres using the nearest road distance.

13. Literacy Rate (X13): Literacy promotes human development and enhances economic
participation [67]. Block-level literacy data were sourced from the Census of India
(2011). Areas with higher literacy levels tend to exhibit lower multidimensional
poverty. Figure 2g shows the spatial distribution of literacy across the study region.

14. Gender Gap in Literacy (X14): Gender disparities in education reflect broader social
inequality, constraining women’s economic participation [68]. This variable was
calculated as the difference between male and female literacy rates at the block
level. Figure 2h demonstrates the spatial distribution of gender literacy gaps within
the subdivision.

15. Gender Gap in Workforce Participation (X15): Gender disparity in work participation
reduces household income and economic security [69]. The variable was computed as
the difference between male and female workforce participation rates using Census
data. Figure 2i depicts the spatial distribution of this variable, with wider gaps in
western plateau areas.

16. Sex Ratio (X16): Sex ratio, defined as the number of females per 1000 males, which
represents the demographic balance between males and females within the population.
While variations in the sex ratio may reflect demographic and social processes such
as migration, mortality patterns, or cultural preferences, they do not necessarily
imply gender inequity. Regions with lower sex ratios often exhibit socio-cultural
discrimination and gender-based disparities in access to health and education [70].
In this study, the sex ratio was considered as a contextual demographic variable that
may influence household socio-economic conditions. Data were derived from the
Census of India (2011). Figure 2j presents the spatial distribution of sex ratio across
the Suri Sadar Sub-Division, highlighting gender imbalances in certain rural areas.

2.4. Analytical Methods

The analytical framework adopted in this study integrates both descriptive and infer-
ential approaches to capture the extent, intensity, and determinants of multidimensional
poverty at the micro-regional scale. The analysis is based on two principal methods:
(i) the Alkire–Foster (AF) method, which measures the incidence and intensity of multidi-
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mensional poverty [71,72], and (ii) the Binary Logistic Regression model, which identifies
the significant socio-economic and spatial determinants influencing household poverty
status [73,74]. The combined use of these methods allows a comprehensive understanding
of how individual and locational characteristics interact to shape the pattern of deprivation
across the Suri Sadar Sub-Division.

2.4.1. Measurement of Multidimensional Poverty: The Alkire–Foster (AF) Approach

The framework of Alkire & Foster [75] provides a robust and widely accepted method-
ology for quantifying multidimensional poverty through the identification and aggregation
of multiple deprivations experienced by households. The approach is founded on Amartya
Sen’s capability theory, which views poverty as a deprivation of basic capabilities rather
than solely a lack of income. This method enables the estimation of both the incidence (H)
and the intensity (A) of poverty, combining them into a single composite measure known
as the Multidimensional Poverty Index (MPI) [2,14,33,75].

In this study, three key dimensions, i.e., Education, Health, and Standard of Living,
were considered following the structure adopted by India’s National Multidimensional
Poverty Index (NITI Aayog, 2023). The selection of indicators was guided by the National
Multidimensional Poverty Index framework, which is based on the Alkire–Foster methodol-
ogy for measuring multidimensional deprivation. These indicators capture critical aspects
of human well-being such as educational attainment, health status, and access to basic
living standards. The final set of indicators used in this study was also determined by
the availability and reliability of household-level data collected during the field survey.
Each dimension comprises specific indicators reflecting the quality of human life. The
Education dimension includes two indicators: years of schooling and school attendance.
The Health dimension includes indicators of nutrition, antenatal care, and child mortality.
The Standard of Living dimension encompasses indicators such as housing condition,
access to drinking water, sanitation, electricity, cooking fuel, and asset ownership.

Each dimension was equally weighted at one-third, and indicators within each di-
mension were assigned equal weights as per the NITI Aayog framework. A household is
considered deprived in an indicator if it falls below the predefined cut-off threshold (for
instance, no household member has completed six years of schooling, or the household
lacks improved sanitation). The nutrition indicator was assessed using anthropometric
information collected during the household survey. A household was considered deprived
in nutrition if at least one adult member had a Body Mass Index (BMI) below the stan-
dard threshold (below 18.5 kg/m2) for undernutrition, or if any child in the household
exhibited signs of undernutrition according to age-specific anthropometric standards. If
any households, that do not have children or adolescents are treated as not deprived for
this indicator. In a few instances when nutritional information was unavailable for some
households, these data were regarded as missing values and removed from the calculation
of the nutrition deprivation index. However, such households were retained in the overall
MPI computation, and their deprivation scores were calculated based on the remaining
available indicators in accordance with the Alkire–Foster methodology.

A household is identified as multidimensionally poor if its weighted deprivation score
exceeds or equals k = 0.33, meaning that it is deprived in at least one-third of the weighted
indicators. Mathematically, the AF method can be represented as [2,33,75]:

M0 = H × A

where M0 represents the Multidimensional Poverty Index (MPI), H represents Headcount
Ratio (proportion of multidimensionally poor households), and A represents the Average
Intensity of Poverty (average proportion of deprivations among the poor).
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The Headcount Ratio (H) is calculated as [2,33,75]:

H =
q
n

where q is the number of multidimensionally poor households and n is the total number of
households surveyed.

The Average Intensity (A) is expressed as [2,33,75]:

A =
1
q

q

∑
i=1

ci
d

where ci is the number of weighted deprivations experienced by household i, and d repre-
sents the total number of considered indicators.

Thus, the MPI (M0) captures both the breadth (H) and depth (A) of poverty simulta-
neously, providing a multidimensional perspective that complements traditional income-
based measures. The decomposition of MPI at the block level further reveals spatial vari-
ations in deprivation, highlighting the contrasting patterns between the western plateau
and the eastern alluvial regions of Suri Sadar Sub-Division.

2.4.2. Determination of Poverty Drivers: Binary Logistic Regression Model

To identify the key determinants influencing household poverty status, a Binary Logis-
tic Regression Model was employed [74]. This model is appropriate when the dependent
variable is dichotomous here, whether a household is multidimensionally poor (coded
as 1) or non-poor (coded as 0). Logistic regression estimates the probability that a house-
hold belongs to the poor category based on a set of explanatory variables representing
demographic, socio-economic, and spatial factors.

The general form of the logistic regression model is expressed as [73,74,76]:

logit(Pi) = ln
(

Pi
1 − Pi

)
= β0 + β1X1i + β2X2i + · · ·+ βkXki + ϵi

where Pi is the probability that the ith household is multidimensionally poor, β0 is the
constant term, β1, β2. . ., βk are the coefficients of explanatory variables, X1i, X2i. . ., Xki are
the independent variables (household-level and regional-level factors), and ϵi is the error
term.

The dependent variable was derived from the AF computation, coded as 1 for mul-
tidimensionally poor households and 0 for non-poor. A total of sixteen independent
variables were included in the model, five representing household-level characteristics and
eleven representing regional or spatial factors. These variables were standardized before
regression analysis to minimize scale differences.

The logistic function transforms the linear combination of predictors into probabilities
ranging between 0 and 1 [73,74,76]:

Pi =
1

1 + e−(β0+β1X1i+β2X2i+···+βkXki)

The sign of each coefficient (βi) indicates the direction of the relationship between the
variable and the probability of being poor. A positive coefficient implies that the variable
increases the likelihood of poverty, while a negative coefficient reduces it. The statistical
significance of each variable was evaluated using the Wald test and p-values, with a 5%
level of significance considered as the acceptance threshold.

The odds ratio (Exp(β)), computed for each variable, was used to interpret the mag-
nitude of influence [74,76]. An odds ratio greater than one implies a higher probability
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of poverty with an increase in that variable, whereas a value less than one indicates a
mitigating effect [73,74,76].

Model performance and goodness-of-fit were assessed through multiple diagnos-
tic statistics, including −2 Log Likelihood to evaluate model fit, Cox & Snell R2 and
Nagelkerke R2 to measure explained variance, and Hosmer–Lemeshow Test to assess
predictive accuracy.

All computations were carried out using SPSS 25 (evaluated copy), while spatial
correlation of residuals and mapping of predicted probabilities were performed in ArcGIS
10.5 (evaluated copy) to visualize spatial clustering of predicted poverty likelihoods across
the Suri Sadar Sub-Division.

The integration of the Alkire–Foster method and logistic regression thus provides a
two-step analytical design: first, identifying multidimensionally poor households, and
second, determining the socio-economic and spatial factors responsible for this condition.
This dual framework allows for both quantitative precision and geographical interpretation,
making it particularly suitable for regional-level poverty assessment. The results derived
from this approach form the empirical foundation for subsequent spatial analysis and
policy recommendations aimed at reducing multidimensional deprivation within the
study region.

3. Result
3.1. Extent and Intensity of Multidimensional Poverty

The assessment of multidimensional poverty in the Suri Sadar Sub-Division reveals
distinct spatial and socio-economic contrasts that mirror the diversity of its physical envi-
ronment and development pattern. The estimation was conducted using the Alkire–Foster
(AF) method, integrating three dimensions, Education, Health, and Standard of Living,
through ten indicators, following the structure of the National Multidimensional Poverty In-
dex (NITI Aayog, 2023). The resulting indices, i.e., Headcount Ratio (H), Intensity (A), and
the composite Multidimensional Poverty Index (MPI = H × A), provide a nuanced under-
standing of both the prevalence and the depth of deprivation across the seven Community
Development (C.D.) Blocks and three municipalities of the subdivision. This approach
enables the simultaneous consideration of the breadth and intensity of deprivation, reflect-
ing the overlapping disadvantages experienced by households across different aspects of
well-being.

The percentage distribution of the selected indicators of multidimensional poverty
(Table 1) highlights the nature and extent of deprivation across the surveyed 3952 house-
holds. Within the Health dimension, the most critical deprivation is found in nutrition,
affecting 21.71 per cent of households. This reflects widespread undernourishment among
children and adults, particularly in rural western blocks where dietary diversity and access
to protein-rich food remain limited. Malnutrition here stems from both economic and
environmental constraints, i.e., poor soil fertility, irregular rainfall, and limited irrigation,
which collectively undermine food security. Child and adolescent mortality (1.85 per cent)
and inadequate antenatal care (6.15 per cent) represent relatively lower deprivations but
are important indicators of health system reach. The lower percentages, while numerically
modest, indicate persistent pockets of maternal and child health neglect in rural and peri-
urban fringes, suggesting that the benefits of government health programs such as Janani
Suraksha Yojana or ICDS have not yet fully penetrated remote areas.
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Table 1. Percentage Distribution of the Selected Indicators of Multidimensional Poverty in Suri Sadar
Sub-Division (N = 3952).

Dimensions &
Indicators

Deprivation Criteria for the Selected
Indicators (Di)

Number of
Deprived
Households

Percentage of
Deprived
Households

Health Dimension

Nutrition

A household is considered deprived if any child
between the ages of 0 to 59 months, woman
between the ages of 15 to 49 years, or male
between the ages of 15 to 54 years—for whom
nutritional information is available—is found to
be undernourished.

858 21.71

Child &
Adolescent
Mortality

A household is deprived if a child/adolescent
under 18 years of age has died in the family in the
five-year period preceding the survey.

73 1.85

Antenatal Care

A household is deemed deprived if any woman
within the household who gave birth within the
five years preceding the survey did not undergo at
least four antenatal care visits for the latest birth or
if she did not receive assistance from trained,
skilled medical personnel during the most
recent childbirth.

243 6.15

Education Dimension

Year of
Schooling

If no one in the household who is 10 years old or
older has completed six years of schooling. 748 18.92

School
Attendance

If any school-aged child is not attending school up
to the age at which he or she would complete
class 8.

144 3.64

Standard of Living Dimension

Cooking Fuel If a household cooks with dung, agricultural crops,
shrubs, wood, charcoal or coal. 1467 37.11

Sanitation
If the household has an unimproved or no
sanitation facility, or if it is improved but shared
with other households.

1366 34.56

Housing
If the household has inadequate housing, i.e., the
floor is made of natural materials, or the roof or
walls are made of rudimentary materials.

1041 26.34

Drinking Water
If the household does not have access to improved
drinking water or safe drinking water is at least a
30 min walk from home (as a round trip).

424 10.73

Electricity If the household has no electricity connection. 195 4.93

Assets

If the household does not own more than one of
these assets, radio, TV, telephone, computer,
animal cart, bicycle, motorbike, or refrigerator, and
does not own a car or truck.

559 14.14

Bank Account If no household member has a bank account or a
post office account. 392 9.92

Source: Computed by the Researcher based on the household survey.

Within the Education dimension, deprivation remains substantial, emphasizing the
role of human capital in poverty dynamics. Nearly 18.92 per cent of households are de-
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prived in terms of years of schooling, where no household member aged ten years or above
has completed six years of education. This is a major impediment to capability devel-
opment and reflects intergenerational poverty. School attendance deprivation, affecting
3.64 per cent of households, though relatively low, points to educational discontinuity,
often due to economic compulsion or gender bias in rural households. Together, these
indicators underscore that inadequate education remains a foundational driver of mul-
tidimensional poverty in the sub-division, restricting employment diversification and
awareness of welfare opportunities.

The Standard of Living dimension shows the highest concentration of deprivation,
revealing the infrastructural and environmental deficits of the region. The most widespread
deprivation is associated with cooking fuel, where 37.11 per cent of households rely on
biomass fuels such as wood, dung, or crop residues. This pattern not only reflects energy
poverty but also has direct health implications, particularly for women exposed to indoor air
pollution. Sanitation deprivation affects 34.56 per cent of households, indicating inadequate
sanitation infrastructure and low access to improved or private toilets. Despite progress
under the Swachh Bharat Mission, shared or unimproved facilities remain common in
rural blocks. Housing deprivation affects 26.34 per cent of households, primarily those
residing in mud or thatched houses with rudimentary flooring and roofing materials, again
concentrated in the western plateau zone.

Access to safe drinking water is another significant concern, with 10.73 per cent of
households lacking improved water sources within a reasonable distance. This problem
intensifies in areas dependent on seasonal ponds and open wells. Electricity deprivation
(4.93 per cent) is relatively low, indicating that electrification programs have achieved broad
coverage, though service reliability remains uneven. Asset deprivation affects 14.14 per
cent of households, implying limited access to essential durable goods, while financial
exclusion remains noteworthy; 9.92 per cent of households have no bank or post office
account, underscoring gaps in financial inclusion. Collectively, these findings confirm
that deficiencies in living standards, rather than in health or education, contribute most
significantly to multidimensional poverty in the Suri Sadar Sub-Division. The dominance
of living condition deprivations points to the structural nature of infrastructural poverty,
linked to settlement type, income level, and locational disadvantage.

The block- and municipality-wise estimation of multidimensional poverty indices
(Table 2 and Figure 3) further highlights the spatial heterogeneity of deprivation across the
Suri Sadar Sub-Division. The average headcount ratio (H) for the sub-division stands at
0.268, meaning that about 26.8 per cent of surveyed households are multidimensionally
poor. The corresponding intensity of poverty (A) is 0.452, signifying that poor households
are, on average, deprived in 45.2 per cent of the weighted indicators. Consequently,
the composite MPI for the sub-division is 0.121, which, although lower than the state
average for several backward districts of West Bengal, indicates a substantial degree of
multidimensional deprivation at the intra-district scale.

At the disaggregated level, clear spatial contrasts emerge. The western plateau blocks,
i.e., Rajnagar (MPI = 0.158), Khoyrasole (0.181), and Md. Bazar (0.172) records the highest
levels of multidimensional poverty, reflecting the combined effects of low agricultural
productivity, poor soil quality, and limited access to social infrastructure. These blocks
also exhibit the highest incidence of poverty (H values between 0.34 and 0.39), suggesting
both widespread and overlapping deprivations. The elevated intensity of deprivation
(A ≈ 0.46) in these blocks points to the chronic and structural nature of poverty, where
multiple disadvantages of educational, infrastructural, and environmental nature reinforce
one another.
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Table 2. Block and Municipality-Wise Multidimensional Poverty Index (MPI).

Sl. No. C.D. Block or
Municipality Name

Incidence of
Multidimensional

Poverty (H)

Multidimensional
Poverty Intensity

(A)

Multidimensional
Poverty Index (MPI)

1 Rajnagar 0.344 0.459 0.158

2 Md. Bazar 0.375 0.457 0.172

3 Suri-I 0.282 0.452 0.128

4 Sainthia 0.285 0.451 0.129

5 Suri-II 0.290 0.453 0.131

6 Khoyrasole 0.391 0.462 0.181

7 Dubrajpur 0.320 0.461 0.147

8 Suri (M) 0.121 0.421 0.051

9 Sainthia (M) 0.129 0.427 0.055

10 Dubrajpur (M) 0.135 0.424 0.057

Suri-Sadar Sub Division 0.268 0.452 0.121
Source: Computed by the Researcher based on household survey.

Figure 3. The block- and municipality-wise multidimensional poverty indices—(a) Incidence of
Multidimensional Poverty, (b) Intensity of Multidimensional Poverty, (c) Multidimensional Poverty
Index (MPI).
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By contrast, the eastern and central blocks, notably Sainthia (MPI = 0.129), Suri-I
(0.128), and Suri-II (0.131), exhibit moderate poverty levels, reflecting their more diversified
economic base and proximity to major transport and service networks. The availability
of better schools, higher literacy, and improved connectivity has contributed to reduced
deprivation intensity in these regions. The relatively low MPI scores in municipal areas, i.e.,
Suri Municipality (0.051), Sainthia Municipality (0.055), and Dubrajpur Municipality (0.057),
demonstrate the mitigating effect of urbanization, where access to infrastructure, education,
and financial services substantially reduces multidimensional deprivation. However, these
municipalities also display internal inequality, as peri-urban households often remain
excluded from formal housing and sanitation facilities.

The spatial distribution of MPI values (as shown in Figure 3) reveals a distinct west-to-
east declining gradient of multidimensional poverty, shaped by the region’s topographic
and agro-ecological divide. The plateau and lateritic zones of the west suffer from en-
vironmental fragility and limited agricultural prospects, while the alluvial plains in the
east benefit from fertile soils, better irrigation, and denser road networks. Such spatial
asymmetry underscores the geographically embedded nature of poverty in the subdivision,
where physical constraints amplify socio-economic vulnerabilities.

3.2. Determinants of Multidimensional Poverty

The identification of determinants of multidimensional poverty provides critical in-
sights into the socio-economic and spatial processes that shape deprivation at the micro-
regional level. To empirically examine these relationships, a Binary Logistic Regression
Model was employed, using the multidimensional poverty status (poor = 1, non-poor = 0)
as the dependent variable. Sixteen explanatory variables, comprising both household-level
and regional/spatial factors, were incorporated into the model. The analysis aimed to
isolate the relative influence of demographic characteristics, educational and economic
conditions, and locational attributes on the probability of a household being multidimen-
sionally poor.

Model Performance and Overall Fit
The model performed satisfactorily in explaining the observed pattern of multidimen-

sional poverty across the study area (Tables 3–6). The −2 Log Likelihood value declined
significantly from the null model, indicating an improved model fit after the inclusion
of explanatory variables. The Nagelkerke R2 value of 0.838 suggests that approximately
83 per cent of the variation in household poverty status can be explained by the chosen pre-
dictors, which is substantial for socio-economic data of this type. The Hosmer–Lemeshow
goodness-of-fit test produced a p-value greater than 0.05, confirming that predicted and
observed classifications are statistically consistent. Moreover, the classification accuracy
of approximately 81 per cent further validates the reliability of the model for identifying
significant determinants of poverty.

Table 3. Result of Omnibus Tests of Model Coefficients.

Chi-Square df Sig.

Step 1

Step 392.239 24 0.000

Block 392.239 24 0.000

Model 392.239 24 0.000
Source: Computed by the Researcher.
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Table 4. Result of Hosmer and Lemeshow Test.

Step Chi-Square df Sig.

1 2.830 8 0.945
Source: Computed by the Researcher.

Table 5. Model Summary.

Step −2 Log Likelihood Cox & Snell R
Square

Nagelkerke R
Square

1 73.771 a 0.576 0.838
Source: Computed by the Researcher. a Estimation terminated at iteration number 8 because parameter estimates
changes by less than 0.001.

Table 6. Classification Table.

Observed

Predicted

Multidimensionally Poor
Household Percentage

Correct
No Yes

Step 1

Multidimensionally
Poor Household

No 2863 29 99.0

Yes 276 784 74.0

Overall Percentage 92.3

a. The cut value is 0.500
Source: Computed by the Researcher.

Conformity of Data Fitness with Model Assumptions
The assumption of multicollinearity holds great significance due to its potential for

producing biased or misleading results in regression estimation. To ensure data robustness,
a multicollinearity test was performed using the Variance Inflation Factor (VIF) and toler-
ance values, the latter representing the inverse of VIF (Table 7). As indicated by standard
methodological literature (Chan et al., 2025;) [50] multicollinearity is typically considered
problematic when the VIF exceeds 5 or the tolerance value falls below 0.2. The computed
results, presented in Table 7, show that the VIF values for all explanatory variables range
between 1.001 and 2.304, and none of the variables exhibit a tolerance value below 0.2.
These results indicate that multicollinearity is not a serious concern in the regression model.
However, the possibility of endogeneity cannot be entirely ruled out, as some explanatory
variables may be correlated with unobserved socio-economic or institutional factors affect-
ing multidimensional poverty. Due to data limitations, it was not possible to implement
instrumental variable techniques to address this issue. Therefore, the estimated coefficients
should be interpreted as statistical associations rather than strict causal relationships.

Out of the sixteen variables included in the model, ten were statistically significant at
the 5 percent level (p < 0.05). Among these, three were household-level determinants, i.e.,
household size, educational attainment of the household head, and living area, while seven
were regional or spatial factors, namely elevation, physiographic division, crop productivity,
cropping intensity, distance from the nearest market, gender gap in literacy, gender gap
in workforce participation, and sex ratio. The signs and magnitudes of the regression
coefficients (B) and odds ratios (Exp(B)) together illustrate the direction and strength of
each variable’s influence on multidimensional poverty in the Suri Sadar Sub-Division
(Table 8).
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Table 7. Result of Multicollinearity Test (Collinearity Statistics).

Model

Unstandardized
Coefficients

Standardized
Coefficients

t Sig.

Collinearity
Statistics

B Std.
Error Beta Tolerance VIF

1

(Constant) −11.591 1.820 −6.369 0.000

Households Size −0.126 0.008 −0.188 −16.070 0.000 0.833 1.201

Gender of Households Head −0.011 0.027 −0.004 −0.417 0.677 0.999 1.001

Age of the Households Head 0.000 0.001 −0.003 −0.265 0.791 0.997 1.003

Marital Status of the
Household Head −0.070 0.023 −0.033 −2.999 0.003 0.972 1.029

Educational Attainment of
the Household Head −0.312 0.005 −0.800 −62.913 0.000 0.706 1.416

Living Area 0.312 0.015 0.318 21.152 0.000 0.506 1.976

Elevation −0.003 0.000 −0.152 −6.627 0.000 0.617 1.621

Physiographic Division −0.075 0.022 −0.085 −3.382 0.001 0.481 2.079

Soil Texture −0.003 0.005 −0.007 −0.623 0.533 0.832 1.202

Frequency of Ponds −0.003 0.003 −0.014 −0.874 0.382 0.460 2.176

Crop Productivity 0.080 0.012 0.179 6.667 0.000 0.759 1.318

Cropping Intensity 0.046 0.023 0.117 2.025 0.043 0.434 2.304

Distance from the Market 0.009 0.002 0.069 5.177 0.000 0.650 1.539

Gender Gap in Literacy 0.115 0.019 0.397 6.120 0.000 0.727 1.376

Gender Gap in the
Workforce −0.026 0.005 −0.101 −4.706 0.000 0.546 1.832

Sex Ratio 0.012 0.002 0.271 7.422 0.000 0.786 1.272

a. Dependent Variable: Multidimensionally Poor Household
Source: Computed by the Researcher based on household survey.

Household-Level Determinants
The household size (B = 1.310, Exp(B) = 1.270, p < 0.001) variable is positively and

highly significant, indicating that larger households face a higher probability of multidi-
mensional poverty. The odds ratio of 1.270 implies that, holding all other variables constant,
each additional household member increases the odds of being multidimensionally poor
by approximately 27 per cent. This result reflects the classic resource dilution effect, where
a greater number of dependents reduces the per capita availability of food, education,
and income resources, intensifying deprivation. In the rural context of Suri Sadar, where
household income is often dependent on agriculture and informal work, a larger family
size imposes a greater economic burden and limits investment in human development.

The educational attainment of the household head (B = −2.487, Exp(B) = 0.083,
p < 0.001) emerges as the most influential negative determinant of poverty. The odds
ratio of 0.083 indicates that households led by more educated heads are nearly 92 per cent
less likely to be multidimensionally poor than those with illiterate or less-educated heads.
Education enhances employability, improves awareness of health and sanitation practices,
and facilitates access to institutional support systems. The significance of this variable
underscores the pivotal role of education in breaking the intergenerational transmission of
poverty, particularly in the context of rural Eastern India.
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Table 8. Result of Binary Logistic Regression (Variables in the Equation).

B S.E. Wald df Sig. Exp(B)
95% C.I. for

EXP(B)

Lower Upper

Step 1 a

Households Size 1.310 0.128 104.823 1 0.000 1.270 0.610 2.347

Gender of Households Head 0.111 0.345 0.104 1 0.747 1.118 0.569 2.197

Age of the Households Head −0.003 0.006 0.208 1 0.648 0.997 0.986 1.009

Marital Status of the
Household Head 0.764 0.257 8.805 1 0.703 2.147 1.296 3.556

Educational Attainment of
the Household Head −2.487 0.083 899.892 1 0.000 0.083 0.071 0.098

Living Area −1.675 0.293 32.635 1 0.000 0.187 0.105 0.333

Elevation 0.029 0.006 23.842 1 0.000 1.172 0.960 2.983

Physiographic Division −0.756 0.261 8.431 1 0.004 0.469 0.282 0.782

Soil Texture −0.018 0.055 0.103 1 0.748 0.983 0.883 1.094

Frequency of Ponds −0.008 0.038 0.043 1 0.835 0.992 0.920 1.070

Crop Productivity −0.578 0.141 16.714 1 0.000 0.783 0.451 1.053

Cropping Intensity −0.431 0.267 12.601 1 0.007 0.539 0.311 0.960

Distance from the Market 0.051 0.020 6.338 1 0.012 1.053 1.011 1.096

Gender Gap in Literacy 0.916 0.220 17.273 1 0.000 2.500 1.623 3.852

Gender Gap in the Workforce 0.251 0.065 14.729 1 0.000 1.778 1.384 2.584

Sex Ratio −0.101 0.020 26.677 1 0.000 0.706 0.565 1.150

Constant −92.826 20.807 19.903 1 0.051 2.173
Source: Computed by the Researcher based on the household survey. a Variable(s) entered on step 1: House-
holds Size, Gender of Households Head, Age of the Households Head, Marital Status of the Household Head,
Educational Attainment of the Household Head, Living Area, Elevation, Physiographic Division, Soil Texture,
Frequency of Ponds, Crop Productivity, Cropping Intensity, Distance from the Market, Gender Gap in Literacy,
Gender Gap in the Workforce, Sex Ratio.

The living area variable (B = −1.675, Exp(B) = 0.187, p < 0.001) is also negatively and
significantly associated with multidimensional poverty. The odds ratio suggests that urban
households are about 81 per cent less likely to be poor compared to rural households.
Urban areas within the Suri Sadar Sub-Division, especially Suri and Sainthia municipalities,
offer greater access to diversified employment, education, healthcare, and social amenities.
In contrast, the peripheral rural blocks face infrastructural deficits, weaker institutional
reach, and limited livelihood diversification, which together amplify multidimensional
deprivation. Collectively, these household-level determinants show that education, fam-
ily structure, and settlement type are the most critical demographic drivers influencing
multidimensional poverty outcomes.

Regional and Spatial Determinants
Environmental and spatial characteristics exert a strong influence on the spatial dis-

tribution of poverty. Elevation (B = 0.029, Exp(B) = 1.172, p < 0.001) shows a positive and
highly significant relationship, meaning that the likelihood of poverty increases by about
17 per cent with every unit increase in elevation. Households in higher-altitude areas,
particularly in the western plateau blocks like Rajnagar, Khoyrasole, and Md. Bazar, face
adverse ecological conditions such as poor soils, low groundwater availability, and erratic
rainfall, which reduce agricultural productivity and heighten poverty risks.
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The physiographic division (B = −0.756, Exp(B) = 0.469, p < 0.01) further supports
this finding. Households in the alluvial plain areas are less than half as likely to be poor
as those in the plateau region, illustrating the significant advantage conferred by fertile
soils and access to irrigation. These results collectively indicate that natural terrain and
agro-ecological settings are structural determinants of spatially entrenched poverty within
the subdivision.

Agricultural performance also emerges as a vital determinant. Crop produc-
tivity (B = −0.578, Exp(B) = 0.783, p < 0.001) and cropping intensity (B = −0.431,
Exp(B) = 0.539, p < 0.01) both exhibit strong and statistically significant negative asso-
ciations with multidimensional poverty. A one-unit increase in crop productivity reduces
the odds of poverty by approximately 22 per cent, while greater cropping intensity lowers it
by about 46 per cent. This demonstrates that agricultural dynamism, through improved ir-
rigation, soil management, and multiple cropping practices, directly contributes to poverty
reduction. The contrast between the highly productive eastern blocks (Sainthia and Suri-II)
and the subsistence-oriented western uplands exemplifies this relationship.

Spatial accessibility also plays a significant role. Distance from the nearest market
(B = 0.051, Exp(B) = 1.053, p = 0.012) has a positive and statistically significant relationship
with poverty, indicating that for every kilometre increase in distance from a market centre,
the odds of being poor rise by about 5 per cent. This highlights the importance of market
proximity in facilitating income diversification, access to services, and integration into
local and regional economies. Peripheral rural households, particularly in the western and
northern margins, remain disadvantaged due to isolation from commercial hubs.

Gender-related variables emerge as critical spatial and social dimensions of poverty.
The gender gap in literacy (B = 0.916, Exp(B) = 2.500, p < 0.001) shows that areas with wider
educational disparities between men and women are 2.5 times more likely to experience
multidimensional poverty. Similarly, the gender gap in workforce participation (B = 0.251,
Exp(B) = 1.778, p < 0.001) reveals that where women’s participation in the labour force is
limited, the probability of household poverty increases by nearly 78 per cent. These findings
highlight the gendered character of deprivation in rural Eastern India, where educational
and occupational inequalities reinforce one another, restricting household resilience and
economic mobility.

Finally, the sex ratio (B = −0.101, Exp(B) = 0.706, p < 0.001) demonstrates a statistically
significant negative relationship with multidimensional poverty. A more balanced or
female-favouring sex ratio reduces the odds of multidimensional poverty by nearly 30 per
cent, indicating that gender equity, as manifested in demographic balance and women’s
social participation, contributes to improved living standards and greater social stability.

4. Discussion
The findings of the present study demonstrate that multidimensional poverty in the

Suri Sadar Sub-Division is highly uneven and spatially structured, reflecting the combined
influence of socio-economic and environmental factors. The concentration of poverty in the
western plateau blocks, namely, Rajnagar, Khoyrasole, and Mohammad Bazar, contrasts
sharply with the relatively lower deprivation observed in the eastern alluvial plains and
municipal areas. This spatial pattern reinforces the argument advanced in the introduction
that poverty is fundamentally a geographically embedded phenomenon shaped by regional
inequalities in resource distribution, infrastructure, and ecological conditions [28–30].

The observed spatial disparities are consistent with earlier studies that highlight
the persistence of multidimensional poverty in rural and ecologically constrained re-
gions [77,78]. Similar findings have been reported in the Indian context, where plateau and
upland areas experience higher deprivation due to poor soil quality, limited irrigation, and
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weak connectivity [1,79]. The results of this study therefore align with national-level assess-
ments [17–19,80], which emphasize that despite overall reductions in poverty, significant
regional inequalities continue to persist. However, the present study extends these findings
by providing micro-level evidence from a geographically heterogeneous region, thereby
demonstrating how localized environmental conditions intensify deprivation within a
single district.

At the household level, the results confirm the critical role of demographic and ed-
ucational factors in shaping poverty outcomes, as discussed in earlier literature [26,27].
The positive association between household size and poverty supports the resource dilu-
tion hypothesis, which suggests that larger households face greater pressure on limited
resources. Similarly, the strong negative relationship between educational attainment
and poverty is consistent with the capability approach proposed by Amartya Sen [9,10],
which emphasizes education as a key determinant of human well-being. This finding also
corroborates previous empirical studies that identify education as a crucial pathway for
enhancing livelihood opportunities and reducing vulnerability [51–53].

The lower levels of poverty observed in urban areas further validate the argument
that access to infrastructure, services, and diversified employment opportunities plays
a significant role in reducing multidimensional deprivation [56,57]. This supports the
broader theoretical perspective that spatial accessibility and institutional reach are central
to regional development processes [28,29]. However, the persistence of rural poverty in
the study area suggests that economic growth alone is insufficient without addressing
underlying structural and spatial constraints.

Environmental and spatial determinants emerge as equally important in explaining
poverty patterns. The positive relationship between elevation and poverty, along with the
higher deprivation observed in lateritic plateau regions, confirms the role of ecological
constraints highlighted in regional development theory [30]. These findings are in agree-
ment with studies that link adverse environmental conditions, such as poor soil fertility
and water scarcity- to limited livelihood opportunities and higher poverty levels [58–62].
In contrast, the relatively lower poverty in alluvial plains underscores the importance of
natural resource endowments in shaping economic outcomes.

Agricultural variables such as cropping intensity and productivity show a strong
inverse relationship with poverty, reinforcing the argument that agricultural development
remains a key driver of rural well-being. This finding aligns with earlier research empha-
sizing the role of agricultural intensification and irrigation in reducing poverty in rural
India [63,64]. However, the results also suggest that improvements in agriculture alone
may not be sufficient unless complemented by better market access and infrastructure.

The significance of market accessibility in this study highlights the role of spatial
connectivity in shaping livelihood opportunities, consistent with findings in economic
geography literature [66]. Households located farther from market centres face higher
transaction costs and limited access to services, thereby increasing their vulnerability. This
reinforces the need to view poverty not only as a socio-economic condition but also as a
function of spatial isolation.

Gender-related variables further reveal the structural dimensions of poverty. The
positive association between gender gaps in literacy and workforce participation with
poverty supports earlier arguments that gender inequality acts as a critical barrier to
development [68,69]. This finding is consistent with the broader literature linking gender
disparities to reduced household welfare and limited economic participation. The relatively
lower poverty in areas with more balanced sex ratios also suggests that gender equity
contributes positively to overall well-being, although this relationship may vary across
socio-cultural contexts.
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Overall, the findings confirm that multidimensional poverty in the Suri Sadar Sub-
Division is not the result of a single factor but arises from the interaction of demographic,
socio-economic, environmental, and spatial processes. While the results are broadly con-
sistent with existing literature, the study contributes by demonstrating how these factors
operate simultaneously at the micro-regional level. This integrated perspective highlights
the importance of place-specific interventions that address both structural and spatial
determinants of poverty.

From a policy perspective, the results suggest that reducing multidimensional poverty
requires a multi-pronged approach, including improvements in education, promotion of
gender equality, enhancement of agricultural productivity, and expansion of infrastructure
in ecologically disadvantaged areas. Such interventions must be tailored to local conditions,
particularly in plateau regions where environmental constraints and socio-economic disad-
vantages intersect. Therefore, the study underscores the need for geographically targeted
policies that move beyond uniform approaches to poverty reduction.

5. Conclusions
This study examined the nature and determinants of multidimensional poverty in

the Suri Sadar Sub-Division of Birbhum District, Eastern India, a region characterized
by pronounced ecological diversity and socio-economic contrasts. By integrating the
Alkire–Foster methodology with a Binary Logistic Regression framework using household-
level primary data, the study provides a micro-level perspective on how demographic
characteristics and spatial conditions jointly shape patterns of deprivation. In doing so,
it moves beyond a purely methodological application and contributes to a more context-
sensitive understanding of multidimensional poverty.

A key contribution of this research lies in demonstrating that multidimensional poverty
within the study area is highly localized and spatially differentiated, even within a single
administrative unit. The concentration of deprivation in the western plateau blocks, namely
Rajnagar, Khoyrasole, and Mohammad Bazar, contrasted with relatively lower poverty
in the eastern alluvial plains and urban municipalities, highlights the role of ecological
constraints and uneven regional development. This finding reinforces and extends exist-
ing literature by showing that intra-regional disparities at the micro scale are critical for
understanding poverty dynamics, which are often obscured in macro-level analyses.

At the household level, the study confirms that family size and educational attainment
of the household head are significant determinants of poverty, but more importantly, it
demonstrates how these factors interact with spatial conditions to produce differentiated
outcomes. Larger households experience greater vulnerability due to resource dilution,
whereas higher education reduces deprivation by enhancing access to opportunities. The
relative advantage of urban households further underscores the importance of infras-
tructure, service accessibility, and economic diversification in reducing multidimensional
poverty. These results contribute to the broader multidimensional poverty literature by
empirically illustrating the combined influence of household and locational factors at a
micro-regional scale.

The analysis also highlights the critical role of environmental and spatial determinants,
including elevation, physiographic variation, agricultural productivity, cropping intensity,
and market accessibility. The higher levels of deprivation in plateau regions reflect the
constraints imposed by poor soil quality, water scarcity, and limited irrigation. Importantly,
the findings suggest that these environmental conditions do not operate in isolation but
interact with socio-economic vulnerabilities, thereby intensifying deprivation. Gender-
related disparities further reinforce this pattern, as larger gaps in literacy and workforce
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participation are associated with higher poverty levels, indicating that social inequality
remains a key structural driver.

Taken together, the study demonstrates that multidimensional poverty in the Suri
Sadar Sub-Division is not simply a reflection of income deficiency or isolated socio-
economic factors but a product of interconnected demographic, environmental, and spatial
inequalities. This integrated perspective constitutes an important contribution to geograph-
ical poverty studies by highlighting the need to analyse poverty as a spatially embedded
and context-dependent process.

From a policy perspective, the findings emphasize that uniform poverty alleviation
strategies are unlikely to be effective in regions with strong spatial heterogeneity. Instead,
targeted and location-specific interventions are required. In plateau areas, priority should be
given to improving irrigation, soil management, and livelihood diversification to address
ecological constraints. Simultaneously, investments in education, particularly female
literacy, along with improvements in infrastructure and market connectivity, are essential
for reducing deprivation across both rural and urban areas.

The study has certain limitations. The analysis is based on cross-sectional data col-
lected during 2024–2025 and therefore captures poverty conditions at a single point in time.
Future research could incorporate longitudinal data or spatial econometric techniques to
better understand temporal dynamics and causal relationships. Comparative analyses
across other subdivisions or districts may further enrich the understanding of regional
variations in multidimensional poverty.

Overall, this study advances the understanding of multidimensional poverty by
demonstrating how local socio-economic characteristics and spatial conditions interact to
produce differentiated patterns of deprivation at the micro level. By providing empirically
grounded and geographically nuanced insights, it underscores the importance of place-
based approaches for designing effective and inclusive poverty reduction strategies in
eastern India and similar regions.
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