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Abstract

Despite robust macroeconomic growth in recent decades, India continues to
grapple with deep-rooted socioeconomic deprivations, underscoring the need
for comprehensive measurement of multidimensional poverty (MP) to under-
stand the true extent of human well-being across its diverse populations. This
study examines the evolving socio-spatial dynamics and temporal shifts of MP
across India’s states and Union Territories. Utilising secondary data from the
National Family Health Surveys (NFHS-4, 2015-2016 and NFHS-5, 2019-2021),
the objective is to evaluate regional variations and rural-urban disparities by
measuring the headcount ratio (HR), poverty intensity (Pl), and the multidimen-
sional poverty index (MPI). Methodologically, the analysis employs descriptive
statistics, independent t-tests, and independent one-way ANOVA models. The
findings reveal significant macro-level progress, marked by substantial national
declines across all three poverty metrics. However, deep-seated regional imbal-
ances remain highly persistent, with acute MP heavily concentrated within the
East, Central, and North East Zones. Furthermore, while rural populations ex-
hibit a significantly higher incidence of poverty, the depth and intensity of depri-
vation among the poor are statistically equivalent across rural and urban sectors,
indicating that urban pockets harbour severe structural deprivations comparable
to those in rural areas. These findings offer vital policy implications by providing
empirical evidence against a one-size-fits-all welfare approach and underscoring
the necessity for localised, region-specific, and spatially optimised anti-poverty
strategies. The originality of this research lies in its empirical capacity to separate
poverty incidence from intensity across the rural-urban dichotomy over time.
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Introduction

Background

Poverty remains one of the most intricate and deeply rooted challenges con-
fronting global development, impacting billions of lives worldwide. Globally,
approximately 1.1 billion people (18.3%) across 112 countries live in acute
multidimensional poverty (MP), with the heaviest burdens concentrated in
Sub-Saharan Africa (553 million) and South Asian countries (402 million)
(UNDP & OPHI, 2024). Despite achieving robust economic growth and signifi-
cant headcount reductions since the 1990s, India continues to anchor a substan-
tial share of the world’s poor. World Bank assessments for 2020 indicated
that roughly 176 million Indians subsisted on less than $3.20 per day, while
73 million survived below the extreme threshold of $1.90 per day.

Historically, domestic policy and academic discourse relied on unidimen-
sional measures such as income or consumer expenditure to gauge deprivation.
However, these traditional tools have faced widespread criticism for their
narrow economic focus and failure to capture the overlapping, non-monetary
deprivations experienced by vulnerable populations. To provide a more holistic
understanding of human well-being, the MP framework has emerged, evaluat-
ing overlapping deprivations across three primary pillars: health, education, and
living standards.

The Rural-Urban Divide and Regional Heterogeneity

Macro-level data highlight India’s exceptional progress in poverty alleviation,
with approximately 135 million individuals lifted out of MP between 2015-2016
and 2019-2021. Even with these strides, national reports show that 16.4% of the
population remains multidimensionally poor, with rural sectors enduring a higher
intensity of deprivation than urban core centres. Severe spatial, regional, and soci-
oeconomic imbalances continue to persist across the country (Bagli, 2017; Das
etal., 2022; Mishra et al., 2022; Shah & Debnath, 2022). Although existing litera-
ture has evaluated MP within single sectors or isolated sub-regions such as rural
Tripura (Shah & Debnath, 2022) or specific urban slum environments (Jha &
Tripathi, 2023; Shergill, 2023), prior studies suffer from three main analytical
limitations:

»  Sectoral Isolation: Existing studies predominantly analyse rural and urban
sectors in isolation or rely on descriptive state-level aggregates, lacking a
unified nationwide comparative framework.
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e Lack of Inferential Testing: Prior empirical assessments rarely apply
formal inferential hypotheses (z-tests and one-way ANOVA) to test
whether sectoral differences in poverty metrics are statistically significant
across large, district-level samples (N = 709).

* Incidence vs. Intensity Disaggregation: Existing comparative work fails to
decouple overall index scores into headcount ratio (HR) and poverty
intensity (PI) across time. Consequently, prior literature overlooks whether
rural-urban disparities stem from higher poverty prevalence (HR) or
deeper deprivation severity (PI).

This study directly bridges this gap by combining a two-wave temporal design
National Family Health Survey (NFHS-4 vs. NFHS-5) with district-level inferen-
tial hypothesis testing. By explicitly separating poverty incidence (HR) from
intensity (PI), this article evaluates whether structural deprivations in urban areas
statistically mirror those in rural sectors, providing a sharper, evidence-based
foundation for spatially optimised anti-poverty policy.

Data Source and Study Objectives

The NFHS serve as a comprehensive, high-quality data repository for analysing
non-monetary deprivations in India, capturing essential household indicators
across healthcare, educational access, and baseline living standards. Drawing
from NITI Aayog’s National Multidimensional Poverty Index (MPI) 2024 frame-
work, this study utilises secondary data on the HR, PI, and the composite MPI to
evaluate the contemporary landscape of Indian poverty, with a strict focus on
rural-urban disparities.

The NFHS serve as a comprehensive, high-quality data repository for analys-
ing non-monetary deprivations in India, capturing essential household indicators
across healthcare, educational access, and baseline living standards.

This study adopts NITI Aayog’s exact indicator weights, deprivation
cutoffs, and 12-indicator structure (incorporating Maternal Health and Bank
Account access alongside the 10 standard global MPI indicators) based on the
Alkire—Foster (AF) dual-cutoff methodology (k = 33.33%) (Alkire & Santos,
2011). We did not modify the baseline weighting architecture; rather, we utilised
the official district-level MPI dataset derived from this framework across NFHS-4
(2015-2016) and NFHS-5 (2019-2021). While NITI Aayog’s official reports
provide valuable baseline descriptive data at the national and state levels, this
article adds distinct analytical value by leveraging district-level data (N = 709
districts) to conduct inferential hypothesis testing. Specifically, this study moves
beyond descriptive reporting by dissecting the empirical decoupling between
poverty incidence (HR) and PI across the rural-urban dichotomy and applying
one-way ANOVA models across six statutory administrative zones in India to test
for spatial divergence and regional convergence between NFHS-4 (2015-2016)
and NFHS-5 (2019-2021); and evaluating whether structural deprivations among
urban poor cohorts statistically mirror those found in rural areas.
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To guide the empirical investigation, this study outlines three core objectives:

1. To evaluate national and state-level changes in MP by testing whether the
mean differences in HR, PI, and the MPI between NFHS-4 (2015-2016)
and NFHS-5 (2019-2021) are statistically significant using paired/
independent sample #-tests.

2. To empirically test whether the incidence (HR), intensity (PI), and
composite index (MPI) of MP differ significantly between rural and urban
India across NFHS-4 and NFHS-5 waves using independent-samples
t-tests at the district level (N = 709).

3. To statistically examine spatial variations and temporal convergence/
divergence in MPI and its sub-components across six statutory administra-
tive zones of India using independent One-Way Analysis of Variance
(ANOVA) models across both survey rounds.

This study contributes to the existing literature on MP in India by comprehen-
sively analysing rural-urban disparities using NFHS data. Its findings have
important implications for policymakers and development practitioners working
to reduce poverty and inequality in India.

The remainder of this report is organised as follows. Chapter 2 provides a
review of the literature on MP, with a focus on India. Chapter 3 describes the data
and methodology used in the study. Chapter 4 presents the results of the analysis,
including the trends and patterns of MP in India and the rural-urban disparities.
Chapter 5 discusses the findings and implications of the study.

Formal Hypotheses Framework

To transition the analysis from exploratory reporting to confirmatory empirical
testing, this study formulates three ex-ante hypotheses based on structural and
spatial developmental patterns in India:

H . (Temporal Reduction): The national mean incidence (HR), depth (PI), and
overall index (MPI) of MP experienced significant statistical reductions
between NFHS-4 (2015-2016) and NFHS-5 (2019-2021).

H : (Rural-Urban Incidence Disparity): Rural populations exhibit a signifi-
cantly higher incidence (HR) and overall composite deprivation (MPI)
than urban populations across both NFHS-4 and NFHS-5 survey waves.

H : (Rural-Urban Intensity Convergence): The depth and intensity of depriva-
tion (PI) among multidimensionally poor populations do not differ
significantly between rural and urban sectors, reflecting equivalent
structural deprivation severity in urban slum pockets.

H,: (Macro-Regional Disparity): MPI differs significantly across six statutory
administrative zones of India (Central, East, North East, North, South, and
West), exhibiting spatial concentration in high-deprivation regional
corridors.
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Literature Review

Theoretical Foundations of the AF Approach

The conceptualisation of poverty has transitioned from unidimensional monetary
metrics (income and consumption expenditure) toward multidimensional
approaches capable of capturing acute, overlapping deprivations. Central to this
transition is the dual-cutoff methodology developed by AF (2011). The AF meth-
odology identifies the poor through two cutoffs: an indicator-specific deprivation
threshold and an overall deprivation score threshold (%), yielding the HR, PI, and
the composite MPI = HR x PI). Despite its widespread adoption by international
bodies like the UNDP and domestic planning institutions like NITI Aayog, the AF
counting approach has faced considerable methodological debate in welfare
economics:

Global and Comparative International MPI Perspectives

At the global level, MP continues to affect a substantial portion of the population.
According to the Poverty, Prosperity, and Planet Report (World Bank, 2024b),
approximately 1 in 10 people globally is multidimensionally poor. Deprivations
in non-monetary dimensions, like access to schooling and basic infrastructure,
compound poverty and perpetuate cycles of inequality. Global assessments reveal
that the share of the poor is 64% higher when education and basic infrastructure
are added alongside monetary poverty, rising from 8.8% living below $2.15
per day to 14.5% (World Bank, 2024a).

Recent comparative international studies confirm widespread MP across
developing economies:

South Asia: Saddique et al. (2023) reported that 22% of people are multidi-
mensionally poor in Pakistan, while Raza and Khan (2025) highlighted pro-
nounced spatial disparities across Pakistani regions. Similar spatial dynamics
have been documented in Bangladesh (Sydunnaher et al., 2019) and Myanmar
(Mohanty et al., 2018).

Sub-Saharan Africa: Regional studies across Sub-Saharan Africa underscore
persistent structural poverty in Nigeria (Deinne & Ajayi, 2019), Ethiopia (Tigre,
2018), and South Africa (Jackson & Yu, 2023; Katumba et al., 2019).

Latin America and Southeast Asia: Parallel MP evaluations in Latin America,
such as Brazil (Stankiewicz Serra et al., 2021), and Southeast Asia, such as
Indonesia (Hanandita & Tampubolon, 2016), emphasise that non-monetary depri-
vations remain heavily clustered around rural infrastructure deficits and urban
informal settlements.

India-specific Empirical Applications and Regional Disparities

In the Indian context, MP is deeply intertwined with the rural-urban divide, owing
to disparities in infrastructure, access to resources, and socioeconomic opportunities.
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The significance of the national MPI in India is highlighted in studies such as
Tripathi and Yenneti (2020), which reveal the extent to which rural and urban
areas differ in their deprivation profiles. These variations underscore the need for
localised and context-specific policy interventions.

Empirical assessments at the national and sub-national levels demonstrate that
while macroeconomic growth has reduced poverty HRs, severe spatial imbal-
ances persist across Indian states and districts (Das et al., 2022; Jatav & Singh,
2025; Vasishtha & Mohanty, 2021). For instance, Roy (2025) emphasised the
pivotal role of governance quality in reducing poverty across Indian states, while
Sarkar and Das (2018) highlighted the spatial interrelationships between
economic growth, inequality, and poverty.

Rural=Urban Disparities in MP

The rural-urban dichotomy plays a pivotal role in shaping the distribution and
intensity of MPI in India. Several studies have identified higher MPI scores in
rural areas than in urban counterparts. For instance, Das et al. (2022) highlight
that rural regions exhibit pronounced deprivation in education and living stand-
ards due to limited access to quality services and infrastructure.

Similarly, Mondal et al. (2023) examine poverty trends across Indian states and
report that rural populations, particularly in high-burden states like Bihar and
Uttar Pradesh, face entrenched deprivations in basic amenities. At the micro-level,
Roy et al. (2019) identified key socioeconomic determinants driving rural poverty
in West Bengal. However, the disparity is nuanced in urban centres, where slum
populations and informal settlements exhibit multidimensional PI levels compa-
rable to rural regions (Kaibarta et al., 2022; Shergill, 2023).

Drivers of Disparities

The drivers of rural-urban disparities in MP are complex and multifaceted. In
rural areas, structural deprivations stem from agricultural dependence, inadequate
energy grids, and poor sanitation infrastructure. On the other hand, urban poverty
is often driven by the informal economy, housing insecurity, and migration-related
challenges (Mukherjee, 2021).

Determinants at the household level also play a critical role; Septa et al. (2025)
noted that income, education, age, and occupation significantly influence house-
hold poverty status across rural Indian districts. Additionally, macro-studies by
Singh (2022) illustrate that sectoral growth trajectories and provincial governance
policies lead to uneven poverty reduction outcomes across rural and urban sectors.

Regional and Temporal Trends in MP

Temporal analyses of MP in India indicate significant improvements over the
years, yet spatial disparities remain stark. According to Tripathi and Yenneti
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(2020), the overall MPI in India declined by approximately 50% between 2005
and 2016, with rural areas witnessing a sharper absolute reduction than urban
areas. However, the absolute poverty levels in rural regions remain disproportion-
ately high. These trends are further corroborated by studies such as Das et al.
(2022) and Bagli (2017), which emphasise the need for region-specific poverty
alleviation strategies, particularly across North East and Central India.

Policy Implications and Gaps in the Literature

The reviewed literature underscores the importance of targeted interventions to
bridge rural-urban disparities. Policies focusing on rural infrastructure develop-
ment, quality education, healthcare accessibility, and employment generation are
critical. Additionally, the role of urban planning in addressing the challenges of
urban poverty and informal housing is emphasised (Mukherjee, 2021).

Despite these insights, key gaps in the literature persist:

Intra-Sectoral and Granular Disparities: As Sharma et al. (2022) argue, existing
studies often rely on state-level aggregates and overlook intra-urban and district-
level disparities.

Decomposition of Headcount versus Intensity: Prior work lacks systematic
empirical testing that decouples poverty incidence (HR) from PI across space
and time.

Lack of District-Level Inferential Testing: Most studies provide descriptive
comparisons rather than formal hypothesis testing (¢-tests and ANOVA) across
administrative zones using large sample sizes (N > 700). This study directly
addresses these gaps by evaluating district-level MP data across NFHS-4 and
NFHS-5, applying rigorous inferential models to compare rural-urban dynamics
and regional zonal trajectories.

Materials and Methods

This section outlines the methodology employed in this study to examine the
status of MP in India, utilising evidence from the NFHS.

Multidimensional Poverty Index

Poverty has traditionally been measured in terms of income, but this approach
often fails to capture the broader dimensions of deprivation that affect people’s
lives. The United Nations MPI offers a more comprehensive framework for
understanding poverty by considering multiple factors beyond income, such as
health, education, and living standards. This approach emphasises the incidence
(the proportion of poor people) and intensity (the average deprivation score
among the poor) of poverty, providing a fuller picture of how poverty affects
different populations. The MPI is based on the AF methodology to classify
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individuals as poor or not poor based on a dual-cutoff method. It assesses acute
poverty with 10 indicators across three dimensions: health, education, and stand-
ard of living and equal weight is assigned to each dimension. Health includes
nutrition and mortality; education covers years of schooling and attendance; and
standard of living features six household indicators: housing, assets, cooking fuel,
sanitation, drinking water, and electricity. NITI Aayog’s national MPI adopts the
AF dual-cutoff approach and includes all 10 global indicators, adding maternal
health and bank accounts to meet India’s priorities.

Table 1 summarises the dimension-wise indicators and their respective
weightage for calculation of the respective dimension. Rather than modifying or
re-weighting the indicators, this study strictly replicates NITI Aayog’s exact
weighting schema and poverty cutoffs. A household is identified as multidimen-
sionally poor if its weighted deprivation score (c) equals or exceeds the dual-
cutoff threshold of 33.33% (k = 1/3). Adopting NITI Aayog’s exact parameters
ensures methodological consistency and benchmark comparability across survey
rounds, while our empirical analysis extends this framework through district-level
inferential statistics.

Research Design

This study employed a quantitative research design, using secondary data from
different rounds of NFHS conducted in 2015-2016 (NFHS-4) and 2019-2021
(NFHS-5). The NFHS is a nationally representative survey conducted by the
International Institute for Population Sciences (IIPS) under the aegis of the
Ministry of Health and Family Welfare, Government of India. We have also
extracted NITI Aayog’s report on the National MPI published in 2023.

Figure 1 demonstrates how the MPI is constructed from the HR and PI.

The first indicator is the HR, which measures the proportion of the multidi-
mensionally poor population. It is calculated by dividing the number of multidi-
mensionally poor individuals by the total population. Second, the PI refers to the
average percentage of weighted deprivations experienced by people living in
poverty, indicating how deeply and broadly they are affected by poverty across
different dimensions like health, education, and living standards. The weighted
deprivation scores of all needy individuals are summed and then divided by the
number of poor individuals to determine the intensity of poverty. Finally, the MPI
value is obtained by multiplying the HR by the intensity of poverty (PI), reflecting
the proportion of people in poverty and the degree of their deprivation. Therefore,
MPI =HR x PI — [0 < MPI < 1]. The idea of MPI is crucial for poverty measure-
ment because monetary income does not manifest overall human well-being.
Summarising the information on the different deprivations into a single index
proves useful in making comparisons across populations and across time. Thus,
MPI is calculated by considering the incidence and intensity of deprivation of
health, education, and living standards. Higher HR, PI and MPI values indicate
higher deprivation from basic facilities. Thus, states and UTs showing higher
values in HR, PI and MPI indicate high deprivation among the people and vice
versa.
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Headcount Ratio Intensity of Poverty Multidimensional
(Incidence of Poverty) The Intensity of Poverty Index

The HR is computed by multidimensional poverty is The MPI score is the
dividing the total number X computed by summing the X product of the HR and
of people in weighted deprivation scores of intensity. It is known as
multidimensional poverty all the MPI poor, divided by the adjusted HR.

by the total population. the total number of MPI poor

Figure 1. Computation of MPI.
Source: NITI Aayog.

The data on HR, PI, and MPI are extracted from the National Multidimensional
Poverty Report published by NITI Aayog in 2023, covering 702 districts for
NFHS-4 and 706 districts for NFHS-5 across the 36 States and Union Territories
(UTs) in India. The analysis employed descriptive statistics, line graphs and infer-
ential statistics. Measures such as mean, maximum, minimum and standard devia-
tion (SD) were utilised to depict the distribution of the studied variables. Line
graphs illustrate the trends of variables across states and UTs. A ¢-test assessed
differences in the MPI and its sub-dimensions between two NFHS rounds, 2015—
2016 (NFHS-4) and 2019-2021 (NFHS-5), to investigate the reduction in poverty
between the two survey rounds. A #-test was also employed to explore the rural—
urban divide in MPI. The unit of analysis for all #-tests and One-Way ANOVA
models is the district, rather than state-level aggregates, ensuring high statistical
power across all six zonal subgroups. In the analysis of district-level data based
on availability, we considered 709 districts for NFHS-4 and NFHS-5, which serve
as the primary unit of analysis. Given the large sample size (N> 700 districts), the
Central Limit Theorem (CLT) ensures that the sample distribution of the mean
approaches normality.

Further, to determine whether the observed variations among the six adminis-
trative regions identified by the Government of India (i.e., Central Zone, East
Zone, North East Zone, North Zone, South Zone, and West Zone) are statistically
significant, a One-Way ANOVA has been performed on the MPI scores and sub-
dimensions across both survey rounds. The zonal grouping used in this article
follows the statutory classification established by the States Reorganisation Act,
1956 (and subsequent amendments, such as the North-Eastern Council Act, 1971),
implemented by the Ministry of Home Affairs, Government of India, which
groups India into six official Zonal Councils. This regional division is widely
adopted by NITI Aayog, the Ministry of Health and Family Welfare (IIPS for
NFHS reporting), and economic research institutions for assessing regional devel-
opmental convergence and spatial equity across macroeconomic corridors.

To ensure exact replicability for the One-Way ANOVA tests across both NFHS
rounds (N = 709 districts), the 36 states and UTs are categorised into six zones as
follows:

As detailed in Table 2, the study categorises 36 states and UTs into six admin-
istrative zones to evaluate macro-regional developmental disparities. Although
the analysis groups states into these macro-regions, individual districts (N = 709)
serve as the primary unit of observation. This district-level resolution provides
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Table 2. Zonal Classification and District Count.

Total
Zone Name States and Union Territories District
Central zone Madhya Pradesh, Chhattisgarh, Uttar Pradesh, 78
Uttarakhand.
East zone Bihar, Jharkhand, Odisha, West Bengal. 116
North East Arunachal Pradesh, Assam, Manipur, Meghalaya, 178
zone Mizoram, Nagaland, Sikkim, Tripura.
North zone Haryana, Himachal Pradesh, Punjab, Rajasthan, 104
Jammu & Kashmir, Ladakh, NCT of Delhi, Chandigarh.
South zone Andhra Pradesh, Karnataka, Kerala, Tamil Nadu, 126

Telangana, Puducherry, Lakshadweep, Andaman
and Nicobar Islands.

West zone Goa, Gujarat, Maharashtra, Dadra & Nagar Haveli 107
and Daman & Diu.

robust statistical power for conducting inferential tests, specifically the One-Way
ANOVA models used to examine spatial disparities in poverty incidence, inten-
sity, and overall MPI scores across survey rounds. This structural mapping allows
for a rigorous comparison of how MP metrics (HR, PI, and MPI) vary spatially
across India’s distinct geographical corridors.

Results and Discussion

Results

Table 3 presents the HR, Intensity, and MPI values of the NFHS 4th round and
NFHS 5th round of survey conducted in 2015-2016 and 2019-2021, respec-
tively. The data reveal significant progress in poverty alleviation between NFHS-4
and NFHS-5 in India. Both maximum and average HR values decreased consider-
ably, indicating a reduced proportion of the population living in poverty. Intensity
scores, which measure the extent of deprivation among those in poverty, also
showed a slight improvement on average. The incidence and intensity of poverty
declined, highlighting substantial advancements across various dimensions,
including health, education, and living standards. When comparing this to the
progress made between NFHS-4 and NFHS-5, poverty alleviation continues.

The MPI values, reflecting overall poverty across multiple dimensions, dem-
onstrated substantial improvement, with both maximum and average values
falling. Furthermore, reduced variability (measured through SD) in HR and MPI
across regions suggests more uniform progress in poverty reduction during this
period.

Figure 2 compares the incidence and intensity of poverty during NFHS-4
(2015-2016) and NFHS-5 (2019-2021), demonstrating significant progress in
India in reducing both the HR and the intensity of poverty. The HR, which reflects
the percentage of the population living in MP, has markedly declined across most
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Table 3. Descriptive Statistics.

HR HR Pl PI MPI MPI
Variables  (NFHS-4) (NFHS-5) (NFHS-4) (NFHS-5) (NFHS-4) (NFHS-5)
Average 17.37%  1024%  44.04%  42.28% 0.08 0.04
Maximum  51.89%  33.76%  5101%  4801% 027 0.16
Minimum 0.70% 0.55%  3580%  36.47% 0.00 0.00
SD 0.13 0.09 0.03 0.03 0.06 0.04
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Figure 2. HR and Pl in States and UTs During NFHS-4 and NFHS-5.

states and UTs, indicating that fewer people now experience multiple deprivations
in areas such as health, education, and living standards. Notable improvements
can be observed in states like Bihar, where the HR dropped from 51.89% to
33.76%, and Assam, decreased from 32.65% to 19.35%. Even in traditionally
well-performing states like Kerala, the HR saw slight reductions (0.70% to
0.55%), maintaining its status as a leader in social development.

The intensity of poverty, indicating the average deprivation among those iden-
tified as poor, also showed reductions in most regions. While Bihar had the highest
PI in both survey periods, it witnessed an improvement from 51.01% to 47.40%.
Similarly, Assam recorded a reduction in intensity from 47.88% to 44.41%. These
trends suggest that fewer people are considered poor, and the depth and severity
of their deprivations have lessened. The decline in MP reflects the impact of ini-
tiatives to improve access to healthcare, education, and basic amenities.
Programmes like Swachh Bharat Abhiyan, rural electrification, and welfare
schemes targeting marginalised communities likely played a pivotal role in
driving these positive outcomes. However, states like Bihar, Jharkhand, and
Madhya Pradesh still exhibit high poverty levels, emphasising the need for
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sustained and targeted efforts to address regional disparities. This progress is a
testament to India’s strides in achieving more inclusive and equitable develop-
ment, though continued vigilance and innovation are required to ensure this
trajectory persists.

In Figure 3, a comparison of the MPI between NFHS-4 (2015-2016) and
NFHS-5 (2019-2021) highlights substantial progress in poverty reduction across
India’s states and UTs. MPI, which measures both the prevalence and intensity of
poverty, has declined across nearly all regions. Notable improvements can be seen
in states like Bihar, where MPI fell significantly from 0.265 to 0.16, though it
remains among the poorest states, reflecting persistent systemic challenges.
Similarly, Assam achieved a notable decline in MPI from 0.156 to 0.086, marking
considerable advancements in alleviating MPI. States such as Kerala and Goa con-
sistently demonstrated the lowest MPI, reducing further to 0.002 and 0.003,
respectively, underscoring the role of strong social welfare systems and develop-
mental policies. UTs like Delhi and Chandigarh also recorded steady declines,
reflecting improved access to basic services and living conditions.

Table 4 presents the results of a #-test comparing HR, PI, and MPI between the
two survey periods, NFHS-4 and NFHS-5. The f-test results reveal significant
differences in poverty metrics between NFHS-4 and NFHS-5. The HR, measuring
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Figure 3. MPI in States and UTs During NFHS-4 and NFHS-5.

Table 4. t-Test for HR, Pl and MPl Between NFHS-4 (2015-2016) and NFHS-5
(2019-2021).

Variable  Survey Mean Std Dev T-value Pr(|T] > [t])

HR NFHS-4 0.1737167 0.1289024 2.7673 0.0072*
NFHS-5 0.1023806 0.0854802

Pl NFHS-4 0.4404028 0.0329488 24813 0.0155%
NFHS-5 0.4228444 0.0267761

MPI NFHS-4 0.0800278 0.0635922 2.8076 0.0065*
NFHS-5 0.0449444 0.0397168

Note: *Significant at the 1% level.
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the proportion of people living in poverty, dropped from 17.37% in NFHS-4 to
10.24% in NFHS-5, showcasing a substantial improvement. Similarly, PI, which
reflects the severity of poverty among the poor, decreased from 44.04% to 42.28%.
The MPI, which encompasses various poverty indicators, also declined notably
from 8.00% to 4.49%. All changes are statistically significant, as evidenced by
small p values.

These findings imply that India has made meaningful progress in poverty alle-
viation between NFHS-4 (2015-2016) and NFHS-5 (2019-2021). Reductions in
HR, PI, and MPI indicate an overall improvement in living conditions, access to
resources, and social development. However, the persistence of poverty-related
issues, even at reduced levels, suggests that efforts must continue to target vulner-
able populations and sustain this positive trajectory. Policymakers may consider
these results as a basis for refining anti-poverty programmes and ensuring that the
gains are distributed equitably.

Table 5 compares the differences in HR, PI and MPI between two surveys:
NFHS-4 (2015-2016) and NFHS-5 (2019-2021) across rural and urban areas.
The results reveal significant improvements in all three indicators over time,
underscoring progress in poverty alleviation efforts. For rural areas, HR dropped
substantially from 0.2214 to 0.1242, indicating fewer households living in MP.
Similarly, MPI decreased from 0.1022 to 0.0545, while PI decreased from
0.4429 to 0.4212. These declines reflect meaningful strides toward reducing PI
and its prevalence in rural regions. The changes were statistically significant,
affirming the effectiveness of targeted programmes or interventions during this
period.

Urban areas also witnessed improvements, though less pronounced compared
to rural regions. HR fell from 0.0702 to 0.0431, and MPI dropped from 0.0313 to
0.0186. The PI decreased from 0.4304 to 0.4147. The statistical significance of
these results reinforces progress in urban poverty reduction, though it suggests a
relatively slower pace than in rural areas.

Table 5. t-Test for HR, Pl and MPI between NFHS-4 (2015-2016) and NFHS-5
(2019-2021) in Rural and Urban.

Variable Survey Mean Std Dev T-value Pr(|T| > |t])

HR (Rural) NFHS-4 0.2213889 0.1484695 3.2679 0.0017*
NFHS-5 0.1241694 0.099091 |

HR (Urban) NFHS-4 0.0702361 0.0518712 2.6280 0.0105%
NFHS-5 0.0431333 0.0337402

Pl (Rural) NFHS-4 0.4429278 0.0333438 3.0503 0.0032*
NFHS-5 0.4212472 0.0265883

Pl (Urban) NFHS-4 0.430375 0.0287622 22116 0.0303**
NFHS-5 0.4146639 0.0314566

MPI (Rural) NFHS-4 0.1022222 0.0730726 3.3148 0.0015*
NFHS-5 0.0544722 0.0461597

MPI (Urban)  NFHS-4 0.0313056 0.0247014 2.6261 0.0106*

NFHS-5 0.0185556 0.015441

Note: * and **Significant at the 1% and 5% levels, respectively.
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Figure 4. HR and Pl in States and UTs in NFHS-5 (Rural-Urban Comparison).

The findings suggest that efforts to reduce MP have been fruitful, particularly
in rural areas where the reductions are more pronounced. This highlights the
effectiveness of rural-focused policies and initiatives during the survey period.
The persistent gap between rural and urban improvements calls for balanced
development approaches to ensure equitable poverty alleviation across regions.
Additionally, the statistical significance of the results supports adopting similar
strategies in future poverty reduction efforts.

Figure 4 summarises the incidence and intensity of poverty between rural and
urban areas based on NFHS-5. The rural-urban comparison of MP based on the
HR and PI during NFHS-5 (2019-2021) highlights the persistent rural disadvan-
tage in India. Rural areas consistently show higher HR across states, indicating a
higher prevalence of poverty than in urban regions. For instance, Bihar demon-
strates a striking rural-urban divide, with a rural HR of 36.95% compared to
16.67% in urban areas, reflecting widespread MP in its rural population. Similarly,
states like Assam and Madhya Pradesh exhibit rural HR significantly higher than
urban levels, at 21.41% versus 6.88% and 25.32% versus 7.10%, respectively.
Even in states with overall low poverty, such as Kerala and Goa, rural areas con-
tinue to show slightly higher HRs, emphasising the need for targeted rural inter-
ventions. While generally higher in rural areas, PI shows smaller gaps than HR,
with rural populations experiencing marginally deeper poverty. For example, in
Bihar, rural PI is 47.52%, slightly exceeding the urban intensity of 45.95%.

Some exceptions exist, such as Himachal Pradesh and Chandigarh, where
urban PI surpasses rural levels, suggesting pockets of severe deprivation among
urban populations. These trends have important implications, highlighting the
systemic disparities between rural and urban areas. The findings underscore the
need for sustained rural development initiatives, such as improving healthcare
access, education, sanitation, and infrastructure, to address structural inequities.
Meanwhile, urban poverty hotspots require targeted strategies to address deep
deprivations among vulnerable populations in cities. Bridging these rural-urban
gaps is critical to achieving more equitable and inclusive development and realis-
ing India’s Sustainable Development Goals (SDGs).
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Figure 5. MPI in States and UTs in NFHS-5 (Rural-Urban Comparison).

Figure 5 presents the rural-urban comparison of the MPI from NFHS-5 (2019-
2021). The line graph highlights significant disparities, with rural areas consist-
ently facing higher levels of MP than urban areas. Rural MPI values reflect more
profound deprivation across health, education, and living standards due to sys-
temic challenges such as inadequate infrastructure and limited access to essential
services. For instance, Bihar and Jharkhand, among the poorest states, show stark
contrasts between rural and urban areas, with rural MPIs of 0.176 and 0.16,
respectively, compared to 0.08 and 0.04 in urban regions. Meanwhile, states like
Kerala and Goa maintain extremely low MPI values in both rural and urban areas,
demonstrating the success of inclusive social and developmental policies. Certain
regions, such as Punjab, show minimal rural-urban disparities, with MPI values
of 0.02 for both areas, suggesting more equitable resource distribution.

The implications of these findings are crucial for policy formulation. The stark
rural-urban divide underscores the need to bolster rural development programmes
by improving healthcare, education, employment opportunities, and infrastruc-
ture. Programmes like rural electrification, housing schemes, and sanitation initia-
tives must continue and expand to address structural inequalities. Urban poverty,
though comparatively lower, highlights pockets of deprivation that require tar-
geted interventions, particularly in rapidly urbanising states. Addressing these
disparities is essential for achieving equitable and inclusive growth, ensuring that
the most marginalised populations are not left behind. These trends align with
India’s broader commitment to the SDGs, particularly those addressing poverty,
inequality, and sustainable development.

Table 6 examines the differences in MP indicators, HR, PI and MPI between
rural and urban areas, based on NFHS-4 (2015-2016) and NFHS-5 (2019-2021).
Across both surveys, rural areas consistently exhibit higher levels of poverty com-
pared to urban areas, as reflected in all three metrics. These differences are statis-
tically significant for HR and MPI, underscoring substantial disparities in MP
prevalence between the two regions.

In terms of the HR, which measures the proportion of individuals living in MP,
rural areas report significantly higher averages than urban areas in both survey
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Table 6. t-Test for the Difference in HR, Pl and MPI Between Rural and Urban Areas
Based on NFHS-4 and NFHS-5.

Variable Survey Mean Std Dev T-value Pr(|T| > t])

HR (NFHS-4) Rural 0.2213889 0.1484695 5.7666 0.0000*
Urban 0.0702361 0.0518712

HR (NFHS-5) Rural 0.1241694 0.099091 | 4.6449 0.0000*
Urban 0.0431333 0.0337402

Pl (NFHS-4) Rural 0.4429278 0.0333438 1.7104 0.0916
Urban 0.430375 0.0287622

Pl (NFHS-5) Rural 0.4212472 0.0265883 0.9590 0.3409
Urban 0.4146639 0.0314566

MPI (NFHS-4)  Rural 0.1022222 0.0730726 5.5163 0.0000*
Urban 0.0313056 0.0247014

MPI (NFHS-5)  Rural 0.0544722 0.0461597 4.4274 0.0000*
Urban 0.0185556 0.015441

Note: *Significant at the 1% level.

periods. For NFHS-4, rural HR was 0.2214 compared to 0.0702 in urban areas,
with a highly significant 7-value of 5.7666 (p = .0000). A similar pattern persists
in NFHS-5, where rural HR was reduced to 0.1242 yet remained significantly
higher than the urban figure of 0.0431 (7-value: 4.6449, p = .0000). These find-
ings highlight that while progress has been made in reducing poverty in both rural
and urban settings, rural areas continue to face significantly higher poverty
prevalence.

Regarding PI, which reflects the average deprivation intensity experienced by
those in poverty, differences between rural and urban areas are less pronounced
and statistically insignificant. For NFHS-4, rural PI (0.4429) was slightly higher
than urban PI (0.4304), but the difference was not statistically significant (7-value:
1.7104, p = .0916). Similarly, in NFHS-5, rural PI stood at 0.4212 and urban PI at
0.4147, with a T-value of 0.9590 and a p value of .3409. These findings suggest
that while the intensity of poverty may be similar across rural and urban areas, the
greater prevalence of poverty in rural regions remains a critical concern.

For the MPI, which aggregates HR and PI to provide an overall measure of MP,
rural areas again exhibit significantly higher values than urban areas. In NFHS-4,
the rural MPI was 0.1022, markedly higher than the urban MPI of 0.0313, with a
T-value of 5.5163 (p =.0000). The same trend is observed in NFHS-5, where the
rural MPI dropped to 0.0545 but remained significantly higher than the urban
MPI of 0.0186 (7-value: 4.4274, p = .0000). This consistent disparity reflects the
persistent challenges faced by rural populations in overcoming MP during the
study period.

The findings emphasise the persistent and significant disparities in poverty
between rural and urban areas, particularly in terms of HR and MPI. Despite
improvements over time, rural areas continue to face disproportionately higher
poverty levels, indicating the need for focused and region-specific interventions.
While the similarity in PI suggests some alignment in the depth of poverty across
regions, the higher prevalence in rural areas underscores the urgency of targeted
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poverty reduction programmes. Policymakers should prioritise addressing the
structural factors driving rural poverty, such as limited access to quality educa-
tion, healthcare, and economic opportunities. Investments in rural infrastructure,
skill development, and social protection mechanisms could help bridge the gap
between rural and urban poverty levels. At the same time, urban poverty dynamics
should not be overlooked, as rapid urbanisation could exacerbate vulnerabilities
in specific segments of the population. Achieving balanced and inclusive devel-
opment requires coordinated efforts to ensure that no region is left behind in the
fight against MP.

Figure 6 illustrates the region-wise MPI scores across the six geopolitical
zones of India, capturing the temporal shifts between the NFHS-4 (2015-2016)
and NFHS-5 (2019-2021) survey rounds. The data reveal a universal and substan-
tial decline in MP across all six regions during the study period, demonstrating the
widespread positive impact of targeted developmental interventions and social
welfare schemes. In NFHS-4, the Central Zone exhibited the highest level of
multidimensional deprivation with an MPI score of 0.153, closely followed by
the East Zone at 0.143. By NFHS-5, while both regions achieved remarkable
poverty reduction, the East Zone emerged as the most deprived region with an
MPI score of 0.084, marginally exceeding the Central Zone’s score of 0.080. The
North East Zone also demonstrated notable progress, experiencing a drop in its
MPI score from 0.095 to 0.059.

In sharp contrast, the West, North, and South Zones consistently maintained
significantly lower poverty thresholds across both periods. The South Zone,
which recorded the lowest deprivation levels in the country, successfully halved
its MPI score from 0.028 in NFHS-4 to a highly commendable 0.014 in
NFHS-5. Similarly, the West Zone cut its index score nearly in half from 0.077 to
0.038, while the North Zone registered a parallel drop from 0.057 to 0.031. These
pronounced variations highlight deep-seated macro-regional imbalances; despite
uniform national progress, the burden of acute MP remains disproportionately

Region-wise MPI based on NFHS-4 and NFHS-5
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Figure 6. Region-wise MPI in India Based on NFHS-4 and NFHS-5.
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concentrated within the East, Central, and North East Zones. These findings
strongly reinforce the need for policymakers to transition from generalised
national strategies toward targeted, region-specific, and spatially optimised
poverty alleviation programmes that address the structural vulnerabilities unique
to India’s high-deprivation corridors.

The statistical significance of macro-regional variations in India’s MP land-
scape is rigorously confirmed through a One-Way ANOVA performed indepen-
dently across both survey rounds. The results for the NFHS-4 (2015-2016) period
presented in Table 7 indicate highly pronounced spatial disparities in the MPI
between the country’s six geopolitical zones, yielding an exceptionally high and
statistically significant variance framework [F(5, 696) = 71.98, p = .0000]. This
necessitates the clear rejection of the null hypothesis of regional equality, demon-
strating that deep-seated socioeconomic boundaries polarised the zones during
the 20152016 baseline.

A parallel analysis conducted on the subsequent NFHS-5 (2019-2021) dataset
in Table 8 reveals that while massive national welfare expansions led to a notice-
able contraction in the overall total sum of squares, falling from 4.5933 to 2.1867
and signalling a general compression of poverty across the country, the regional
divide remains remarkably persistent. The NFHS-5 model continues to demon-
strate highly robust statistical significance at the strict 1% level [F(5, 700) = 52.87,
p =.0000], confirming that structural socio-spatial inequalities were not erased by
macro-level improvements. Although the marginal reduction in the calculated
F-statistic from 71.98 to 52.87 points to a subtle convergence effect as lagging
areas gradually catch up, the persistent between-group variance highlights an
ongoing geographic concentration of deprivation. Consequently, these findings
mathematically invalidate centralised, uniform policy frameworks and strongly
underscore the necessity for localised, region-specific interventions tailored to
bridge the persistent developmental gaps between the progressive economic zones
and high-deprivation regional corridors.

Table 7. Analysis of Variance (ANOVA) on MPI Based on NFHS-4.

Source SS df MS F p>F
Between groups 1.5656 5 0.3131 71.98 .0000*
Within groups 3.0277 696 0..0043
Total 4.5933 701 0.3174

Note: *Significant at the 1% level.

Table 8. Analysis of Variance (ANOVA) on MPI Based on NFHS-5.

Source SS df MS F p>F
Between groups 0.5994 5 0.1198 52.87 .0000*
Within groups 1.5873 700 0.0023
Total 2.1867 705 0.1221

Note: *Significant at the 1% level.
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Discussion

The empirical analysis of MP across India’s states and UTs using the fourth and
fifth rounds of the NFHS-4 and NFHS-5 provides a comprehensive view of the
changing socio-spatial landscape of deprivation. In alignment with the study’s
primary objective to analyse the status and changes in MP, the findings demon-
strate a significant national decline in the HR, PI, and the MPI. These observed
temporal trends are strongly supported by the existing literature, corroborating the
findings of Tripathi and Yenneti (2020), who reported a substantial long-term
decline in India’s overall MPI. This macro-level progress highlights the effective-
ness of massive, targeted government interventions such as the Swachh Bharat
Abhiyan, PM Awas Yojana, and Ayushman Bharat, which have expanded access
to healthcare, sanitation, education, and basic infrastructure for a standard of
living across marginalised cohorts.

Addressing the second objective, which evaluates rural-urban disparities,
the empirical analysis unveils a persistent spatial disadvantage for rural popula-
tions. The #-test results reveal a highly significant difference in the incidence
(HR) and overall index (MPI) between rural and urban sectors across both
survey rounds, demonstrating that rural areas continuously experience higher
absolute levels of deprivation. This confirms the foundational arguments
laid out by Das et al. (2022) and Mondal et al. (2023), who identified pro-
nounced rural vulnerabilities in education and basic amenities across high-
burden states. However, a striking and unexpected point of contrast emerged
regarding PI: the empirical difference between rural and urban intensity was
found to be statistically insignificant across both NFHS periods. This implies
that while a significantly higher portion of the rural population falls under the
poverty cutoff, the depth and severity of deprivations experienced by those cat-
egorised as poor remain statistically similar across both rural and urban domains.
This finding nuances the existing literature by highlighting that urban poverty
hotspots, such as the slum areas examined by Kaibarta et al. (2022) and Shergill
(2023), harbour deep structural deprivations that parallel the intensity of rural
poverty.

Figure 7 presents the summary of the present research objectives, methodology
and findings.

Regarding the third objective, assessing regional variations, the rigorous
One-Way ANOVA tests establish that deep-seated macro-regional imbalances
remain highly statistically significant, despite widespread progress across all geo-
political zones. While the contraction of the total sum of squares from NFHS-4 to
NFHS-5 points to a subtle convergence effect as lagging states gradually catch up,
the geographic polarisation persists. The burden of acute MP remains heavily
concentrated within the East, Central, and North East Zones, with states like Bihar
and Uttar Pradesh continuing to report high MPI levels. These regional trends
mirror the spatial distributions highlighted by Vasishtha & Mohanty (2021) and
Das et al. (2022), validating the systemic nature of spatial path-dependency in
developmental outcomes. In contrast, the southern and western regions continue
to outpace the rest of the country due to historically stronger social welfare
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Figure 7. Conceptual Framework of the Study.

systems and diverse economic networks, findings that are similar to the existing
literature (Jha et al., 2010). Collectively, these findings mathematically challenge
the efficacy of generalised, blanket national policies and underscore the immedi-
ate necessity for localised, region-specific, and spatially optimised anti-poverty
frameworks to eliminate entrenched regional disparities.

Conclusions

Main Findings of the Study

This study evaluates the status, temporal shifts, and socio-spatial dynamics of MP
across the states and UTs of India using secondary data from the fourth and fifth
rounds of the NFHS-4 and NFHS-5. In alignment with its core objectives, the
empirical analysis reveals a significant macro-level decline in the HR, Pl and MPI
across the country. This general compression of poverty points to the success of
targeted national interventions in expanding access to sanitation, healthcare,
housing, and basic utilities. However, the investigation into rural-urban dispari-
ties reveals a persistent spatial disadvantage for rural populations, which continu-
ously exhibit a significantly higher incidence of poverty (HR) and overall index
values (MPI) compared to urban areas. A nuanced insight emerges regarding PI:
the depth and severity of deprivation experienced by the poor remain statistically
equivalent between rural and urban sectors. This indicates that urban poverty
pockets, such as informal settlements and slums, shelter severe structural depriva-
tions that match the intensity found in rural regions. Furthermore, independent
One-Way ANOVA tests rigorously confirm that deep-seated macro-regional
imbalances persist despite national progress. The burden of acute MP remains
heavily polarised and concentrated within the East, Central, and North East Zones,
exposing deep structural path-dependencies in regional development.
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Policy Implications

The empirical findings of this research carry vital implications for policymakers,
urban planners, and development practitioners aiming to fulfil India’s commit-
ments under the SDGs. The stark geographic polarisation and persistent rural—
urban gaps mathematically challenge the efficacy of centralised, uniform national
welfare frameworks. Consequently, government agencies must transition from
generalised, blanket policies toward localised, region-specific, and spatially
optimised anti-poverty strategies. First, interventions must aggressively target
high-deprivation corridors within the East, Central, and North East Zones by cus-
tom-tailoring infrastructure investments to regional needs. Second, given the high
prevalence of poverty in rural sectors, sustained rural development initiatives
must continue expanding networks for healthcare access, primary education,
clean energy grids, and asset creation. Finally, because PI in urban areas mirrors
that of rural zones, policymakers cannot ignore urban poverty hotspots. Targeted
municipal strategies are urgently needed to address vulnerabilities in the informal
economy, housing insecurity, and severe structural deprivations among marginal-
ised urban populations.

Limitations and Future Scope of the Study

While this study contributes a comprehensive, data-driven perspective on
spatial inequalities, certain inherent limitations shape its conclusions and
open paths for future inquiry. The methodology relies entirely on large-scale
secondary, cross-sectional survey data from NFHS rounds, which inherently
limits the capacity to monitor real-time, micro-level household transitions or
to capture the immediate shocks of shifting macroeconomic policies.
Additionally, the standard dimensions of the national MPI used in this study,
while robust, may overlook emerging, contemporary facets of structural ine-
quality, such as digital exclusion, financial illiteracy, or localised climate-
induced economic vulnerabilities.

To address these gaps, the future scope of research should prioritise the
utilisation of longitudinal panel datasets to track the moving dynamics, entry,
and exit pathways of households experiencing MP over time. Future empirical
models should also seek to expand the conventional framework by integrating
context-specific indicators, such as digital literacy, access to financial banking
networks, and climate resilience metrics. Lastly, blending these macro-level
empirical assessments with localised, mixed-methods field investigations
would provide a more granular, qualitative understanding of the institutional
and socio-cultural barriers that perpetuate generational poverty across India’s
diverse regions.
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