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Abstract

COVID-19 has intensified urban poverty, disproportionately impacting informal
workers, migrants, and slum dwellers due to job losses, reduced incomes, and
limited access to social safety nets. The pandemic underscored structural
inequalities such as inadequate housing, healthcare, and education. Assessing its
impact is crucial to identifying vulnerable populations, designing targeted relief
measures, and promoting sustainable urban development. This study evaluates the
impact of COVID-19 on poverty dynamics across slums in Purulia, India, comparing
pre- and post-pandemic periods through a questionnaire survey. ANOVA and a
multinomial logit (MNL) model are used to examine variations in poverty among
different worker groups and identify key influencing factors. Findings revealed
significant disparities in poverty metrics such as the headcount ratio (HCR) and
poverty gap ratio (PGR). Slums like Sufalpally and Bhagabandhpara exhibited the
highest PGR (0.010 and 0.008, respectively). Peri-urban and mixed-development
slums had higher HCR and PGR, while urban core slums like Bhagabandhpara
showed pronounced income inequality. During the pandemic, over 50% of
households in Sufalpally were classified as poor, followed by Sekrapara,
Simuldanga, and Kasaimahalla. The study also highlighted substantial occupational
shifts, with chronically poor households predominantly engaged in manual labour.
Key factors influencing poverty dynamics included household monthly income,
education level, and employment status. Addressing slum poverty is vital to mitigate
vulnerabilities, improve access to essential services, and reduce urban inequalities,

contributing to equitable pandemic recovery and resilient urban systems.

Keywords: COVID-19; Poverty; Slums; Poverty dynamics; Headcount ratio.
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1 Introduction

Since February 2020, global COVID-19 cases have surged exponentially[1]. Despite
some countries managing to control the pandemic, daily reported cases worldwide
grew from around 500 in late February to nearly 600,000 by November, with further
increases anticipated during the northern hemisphere's winter. The pandemic's
epicentre shifted from China to Europe, the United States, and Latin America, with
resurgence in autumn. It has spread rapidly in low- and middle-income countries in
Africa and Asia, many of which face significant challenges due to weak health
systems and limited social safety nets[2,3]. More than half the global population
experienced some form of social distancing to control the health crisis[4]. Business
activity has plummeted, driven by both policy measures and personal risk avoidance,
with personal actions having a greater economic impact[5]. The International Labour
Organization reported 17% drop-in global working hours during the first three
quarters of 2020, equivalent to nearly 500 million full-time jobs lost. While high-
income countries have implemented extensive fiscal and monetary stimulus, low-
and middle-income nations have offered limited relief. Thus, COVID-19 threatened

all the aspects of the environment[6,7].

The COVID-19 pandemic has significantly exacerbated global poverty, pushing
millions into extreme hardship, particularly in low- and middle-income countries [8,9].
Economic disruptions caused by lockdowns, business closures, and reduced mobility
have disproportionately affected vulnerable populations, especially those dependent
on informal employment, which constitutes a major source of income in developing
nations[10,11]. The World Bank estimated that the pandemic pushed an additional 97
million people into extreme poverty in 2020, living on less than $1.90 per day.
Income losses have further deepened inequality, with women, children, and
marginalized groups being the worst affected[12—14].School closures have not only
disrupted education but also deprived children of essential nutritional support
provided through school meal programs, compounding poverty-related issues. In
urban areas, informal settlements have faced heightened risks due to overcrowding
and limited access to health services and sanitation, while rural areas suffered from
disrupted agricultural activities and market access, reducing food security [15-17].
Additionally, global economic recessions have reduced remittances, a lifeline for

many poor households in developing countries. The International Labour
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Organization reported a sharp decline in working hours globally, equivalent to 255
million full-time jobs lost in 2020, further aggravating poverty levels. Despite
unprecedented fiscal stimulus and relief measures in high-income countries, the
pandemic highlighted the inadequacy of social safety nets in poorer regions. Limited
government resources in low-income nations hindered effective poverty alleviation
responses[18,19]. As the pandemic persisted, recovery efforts in these countries
faced challenges like debt burdens and slow vaccination rollouts[20]. Therefore,
addressing COVID-19's impact on poverty requires targeted interventions, including
strengthening social protection programs, creating sustainable livelihoods, and

prioritizing equitable recovery efforts to support the most vulnerable populations.

The COVID-19 pandemic has significantly intensified poverty in developing
countries, where fragile economies, informal labour markets, and inadequate social
safety nets have magnified the crisis [21,22]. Lockdowns and restrictions disrupted
livelihoods, especially for informal workers who lack job security or access to social
protections [23,24]. The International Labour Organization reported that informal
workers, making up nearly 90% of the labour force in some developing nations,
experienced massive income losses, plunging millions into poverty. Income
reductions not only exacerbated existing inequalities but also forced many
households to cut essential spending on food, education, and healthcare [25,26].
Women and children were particularly vulnerable, with women disproportionately
affected by job losses in service sectors and caregiving responsibilities [27,28].
School closures disrupted education for millions of children, particularly those lacking
access to digital resources, and worsened child labour in low-income communities.
Agricultural disruptions and limited access to markets worsened food insecurity in
rural areas [17]. The World Bank estimates that the pandemic pushed an additional
70-100 million people into extreme poverty in 2020, with South Asia and Sub-
Saharan Africa experiencing the largest increases. Additionally, declining
remittances, a crucial source of income for many households, compounded financial
hardships in countries heavily reliant on migration-related income. Government
responses in many developing countries were constrained by limited fiscal capacity,
leading to insufficient or delayed relief measures. Public debt burdens, coupled with
reduced revenues, further restricted the ability to provide meaningful support. The

pandemic has underscored the urgent need to strengthen social safety nets,
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diversify income sources, and promote inclusive recovery strategies. Investments in
healthcare, education, and digital access are critical for reducing long-term poverty
risks. Equitable vaccine distribution and international cooperation are also essential
to support vulnerable populations and enable sustainable recovery in developing

countries.

Assessing the impact of COVID-19 on poverty in cities is critical for understanding
and addressing the socio-economic challenges exacerbated by the pandemic[29,30].
Cities, being hubs of economic activity, have been disproportionately affected due to
their reliance on sectors like retail, tourism, and informal labour markets, which faced
significant disruptions [8,31]. Identifying the extent and nature of poverty caused by
the pandemic is essential for designing targeted interventions to aid vulnerable urban
populations [32,33].Urban poverty assessment highlights the groups most affected,
such as informal workers, women, migrants, and slum dwellers, who lack access to
stable incomes, housing, and healthcare [34,35]. This information is crucial for
developing responsive social safety nets and employment programs that mitigate
immediate hardships. For instance, understanding income losses or food insecurity
patterns allows policymakers to allocate resources efficiently, such as expanding
food distribution systems or cash transfer programs in affected areas. Additionally,
assessing COVID-19’s impact on urban poverty sheds light on structural inequalities
in cities, including gaps in housing, sanitation, healthcare, and education [36].It
provides evidence for long-term planning to build resilient urban systems that can
withstand future crises. Furthermore, such assessments contribute to global
development goals, including poverty eradication and reducing inequalities, by
aligning urban recovery strategies with sustainable development frameworks. They
also enable cities to advocate for financial and technical support from national
governments and international organizations to recover from pandemic-induced
setbacks. Ultimately, understanding COVID-19’s impact on urban poverty is

indispensable for equitable recovery and fostering inclusive urban development.

The primary objective of this study is to examine the impact of the COVID-19
pandemic on poverty in the slums of Purulia by comparing poverty conditions,
occupational patterns, and their determinants across the pre- and post-pandemic
periods. To achieve this overarching objective, the study pursues five specific

objectives. Objective 1 is to examine the prevailing scenario and characteristics of
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poverty in the slums of Purulia. Research Question 1: What are the prevailing levels,
dimensions, and key characteristics of poverty among slum households? Objective 2
is to assess the dynamics of poverty between the pre- and post-COVID-19 periods.
Research Question 2: How have the level, intensity, and distribution of poverty
changed between these periods? Objective 3 is to examine occupational shifts
among slum households. Research Question 3: What major changes in household
occupations occurred between the pre- and post-pandemic periods? Obijective 4 is to
identify occupational shifts across different worker groups. Research Question 4:
How did occupational patterns vary among different categories of workers,
particularly manual and informal workers, across the two periods? Finally, Objective
5 is to identify the factors influencing poverty. Research Question 5: What
socioeconomic, demographic, and occupational factors significantly influence

poverty levels, and how do their effects vary across households?
2 Materials and methods
2.1 About study area

This study was conducted in Purulia Municipality, West Bengal, India. Purulia
Municipality is the largest municipality in the district and the only class | town with a
total size of 14.08 km?. Geographically, this municipality is located at 23°19'33" N to
23%41'30" N and from 86°22'10" E. This municipality comprises 114 slums (registered
and unregistered) in 23 wards. Ward no 18 has the largest concentration of slum
dwellers, while Ward no 3, 13, and 23 have experienced the emergence of both
registered and some unregistered slums. Purulia Municipality serves as the
commercial gateway between West Bengal and Jharkhand and it is the headquarters
of the district. Meanwhile, this urban centre has experienced an increasing trend of
urbanization during the last decade. Previously, the development was observed in
the core of the city (Chowk Bazar) but over time it shifted towards the north-eastern
portion of the city (Deshbandhu Road), particularly at the fringe of cities through the
process of the edge expansion. A group of businessmen and entrepreneurs
established a market area to provide more modern and advanced services and
facilities to the elite-class residents of the town. Apart from that, Medical Colleges,
Universities, Schools, and other educational sectors developed here over time.
Therefore, Purulia municipality acts as a pull factor of commercial, educational, and

infrastructural development hubs in the district [37,38].
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Many people migrate to the city from the different villages of the district, as well as
other states, in search of better jobs and economic opportunities. As a consequence
of financial instability, they are forced to live in crowded and filthy neighbourhoods in
the city. These areas are often situated near the railway track and highway. As per
the census 2011, the statistics of birth and death rates indicate a higher level of
migration compared to a natural population increase. The aforementioned factors

have stimulated the slum expansion in the city.
2.2. Methods
2.2.1. Data collection and questionnaire survey

The current research utilized both secondary and primary data. A mixed approach
has been used to collect data. Data were collected from two rounds of surveys. The
initial survey was carried out in 2019, representing the pre-COVID-19 periods, and a
post-COVID-19 period was conducted in 2024, after the pandemic. The survey was
conducted during both pre- and post-COVID-19 periods to understand the poverty
dynamics across urban slums. Structural questionnaires, focus group discussions,
and oral interviews were the major parts of the survey methods. Data collection
included household heads' consumption income and expenditure (such as monthly
income of the households), as well as their demographic (such as age, and gender)
and socioeconomic (such as educational level) attributes in the selected slums.
Among 5,360 total households residing in the eight slums (As per Census of India,
2011), 375 households (Using Yamane method) were selected during the pre-COVID
periods from the selected slums, and the same number of slum households were

chosen in the post-COVID-19 periods in this study.

Most of the slums started to develop near the road, railway lines, and water bodies.
Therefore, the survey was started first from the slums located along the roads. The
survey was conducted at the households across the slums. If that household was
unavailable then the next households were selected. The structured questionnaires
were divided into two sections. Firstly, the initial section mainly dealt with
respondent's social-demographic attributes, while the second section of the
questionnaire mainly focused on the economic attributes of the households. Initially,
the questionnaire was developed in English, then it was translated into the local
dialect i.e., Bengali for better communication with respondents. Thus, the interviews
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were conducted in the household head's native language (Bengali). Focus group
discussion (FDGs) was conducted in each slum to understand the impact of COVID-
19 on poverty during pre- and post-COVID-19 periods. 5-10 local people were
chosen for FGD based on the occupational structure and socio-demographic
attributes of the households. The local councillor, one coordinator and one
intermediate were present during the discussion, which was recorded using an audio
recorder with the participants’ consent. Each group discussion lasted approximately
4-5 hours. Apart from the primary survey, this study also used secondary data from
different published reports, including Detailed Project Report (DRP) on Pri-minister
Ayas Yojana (PMAY) (Housing for All) for Beneficiary Led Construction (BLC)under
Housing for All in slums, Purulia Municipality, 2015-2016, Census of India (2011).

2.2.2. Sampling technique and determination of sampling size

The households residing in the slums were the primary unit of analysis in this study.
The household head (HH) was considered the proper representation for the survey
with diverse demographic and socio-economic conditions. According to the
information provided by the Purulia municipal authorities and Census of India (2077),
there were 5360 total households across 8 slums. Therefore, it is essential to
determine the number of households (sample size) to make the study reliable and
robust. Determining the sample size is crucial for ensuring the validity and reliability
of research findings. An appropriate sample size enhances the precision of
estimates, reduces sampling error, and increases the study's statistical power,
minimizing the likelihood of Type | and Type Il errors[39]. An overly small sample can
lead to unreliable results, while an excessively large sample may waste resources
[40]. Additionally, a representative sample size ensures generalizability to the target
population[41]. Researchers should consider factors like study design, population
size, and desired confidence levels during sample size determination. In this study,
the method proposed by Yamane (1973)has been used to determine the sample size
across the slums (Equation 1):

NN/ (THENE?) oo, [1]

where N is the household size (5360) and e is the level of precision (here + 5 per
cent precision level) assuming a 95 per cent confidence level and p = 0.5. After
getting the sample size of 372 (rounded up to 372.22) using the above equation
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(Equation 1). Since the number of Households in the slum of Purulia municipality is
known and finite, this research uses Yamane's formula for sample size selection. The
sample size for each slum has been calculated employing a proportional allocation

method based on Equation 2.
N1 N (NN e [2]

where, n1= sample size for selected, n = total sample size, N1 = selected slum
households and N= Total households of the selected slums. For example, the

estimated sample size for Sekrapara slum is as follows:
n1= [372%(1265/5360)] = 372*0.0236 = 88.10 0r88........cevviviiiiiiiiiieeean, [3]

A comprehensive list of surveyed households from each chosen slum is given in
Table 1. Thus, based on the equation above, 375 households were selected across

eight selected slums with an average number of households of 47.
2.2.3. Criteria for the selection of slums

ldentifying slums in Indian cities involves a combination of spatial, socioeconomic,
and infrastructural indicators. Slums are typically characterized by high population
density, substandard housing, lack of basic services (e.g., water, sanitation,
electricity), and insecure tenure. Household surveys and census data are also crucial
for identifying socio-economic aspects like poverty and employment status [42].
Collaborations with local authorities and field verification further validate slum
boundaries. In India, slums are categorized into three classes: these are: notified”,
recognized and nor-notified?> Slums. In Purulia municipality, there were 114 notified
and non-notified slums. Among the 114 slums, eight most dilapidated slums were
selected in this study. The slums were selected based on two criteria: (a) four slums
were selected based on the concentration of slum population (slums with more than
fifty per cent households ), and (b) four slums based on slum area to total ward area
(where slum areas constitute more than 20% of ward area) [37,43](Fig. 7). According
to the information provided by the ward councillors, there were 15,264 people across
the eight slums. There are spatial variations of poverty within the city among the
households living in slum areas [44]. Therefore, it is crucial to understand the

variation of poverty within the city.

INotified slum: Areas notified as slums by the local government and authorities.
ZNon-notified slums: The areas notified by the local urban bodies, but not recognized by the state government.
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Table 1:Slums selected in this study

s | 8¢ S| 8« S| E E S 5 o
c|SE| §E|cE|5E|a8| 2EEL| zef PP
S1Ee "REEPE IV REFY 277
1 0.514 6065 | 0.073 3194 | 14.19 52.66 | 712 | DeshbandhuRd. | 50
2 0.308 5009 | 0.014 1624 4.57 3242 | 361

3 1.185 5156 | 0.000 0.00 0.00 0.00 | 0.00

4 1.051 4740 | 0.147 1676 | 14.01 3536 | 372

5 0.498 8087 | 0.051 572 | 10.30 7.07 127

6 0.598 6256 | 0.066 1439 | 10.98 23.00 | 320

7 0.683 7251 | 0.067 1357 9.87 18.71 302

Kasaimahalla

8 0.265 6096 | 0.079 1010 | 29.94 16.57 | 337 Slum 24
9 1.030 8534 | 0.103 1762 9.99 20.65 | 392

10 0.327 7683 | 0.016 1635 4.77 21.28 | 363

11 1.227 5545 | 0.084 2931 6.84 52.86 | 651 | Telkal Para Slum | 46
12 0.193 3535 | 0.008 1588 4.09 4492 | 353

13 0.297 1799 | 0.000 174 0.00 9.67 39

Bhagabandh

14 0.150 3616 | 0.044 1312 | 28.98 36.28 | 292 Slum 20
15 0.130 2888 | 0.026 1372 | 20.18 47.51 392

16 1.231 6558 | 0.087 3710 7.10 56.57 | 824 | Simuldanga Slum | 58
17 0.154 4369 | 0.040 1761 | 25.85 40.31 391 | Napit Para Slum 27
18 0.376 7215 | 0.074 4426 | 19.70 61.34 | 1265 | Sekra Para Slum 88
19 0.112 3729 | 0.012 843 | 10.88 22.61 281

20 0.192 4374 | 0.012 560 6.32 12.80 124

21 1.182 5822 | 0.312 2885 | 26.41 4955 | 888 | Sufal Pally Slum 61
22 0.888 3451 | 0.054 968 6.10 28.05| 215

23 0.388 3658 | 0.041 1234 | 10.46 33.73 | 258

> 12.978 | 121436 1411 | 37865 10.87 31.18 | 9219 375

Note. Red color indicates slums with more than 50% population and Violet color indicated

slums with more than 20% slum population

In this study, slums were categorized into three classes. These were: urban core,

peri-urban and mixed development areas. One slum was selected from the urban
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core due to significant traffic congestion, and high population density
(Bhagabandhpara slum). Meanwhile, Kasaimahalla, Deshbandhu Road By lane,
Sekrapara Slum, and Napitpara were selected from the peri-urban area, where the
density of the population is lower than the urban core area. Finally, three slums
(Simuldanga, Sufalpally, and Telkalpara) were selected from mixed development
areas that contain both agricultural areas and residential areas with lower population

density and large open spaces (Table 2).

Table 2: Key characteristics of different zone

Zone Key characteristics Selected slum (s)

Core Core of the city often characterised by | 1.Bhagabandhpara
overcrowding population, environmental stress and
high cost of living. The concentration of retall,
commercial and service business are very high in
this zone. Significant traffic congestion is also

observed in core area.

Peri-urban | A peri urban area lies outside of the city, | 1.Kasaimahalla
characterised by a mixed of both rural and urban | 2. Deshbandhu Road
features. The peri-urban area plays an important | By lane

role in an expansion of urban growth. Here, the | 3. Sekrapara
density of the development is slower than the core | 4. Napitpara

area.

Mixed A mixed development zone contains agricultural, | 1.Simuldanga

developmen | residential, industrial and commercial areas.It | 2. Sufalpally

t exhibits an integration of various land uses. 3.Telkalpara

2.2.4 Categorization of the households

In this paper, we identified poor and noon poor households based on their monthly
per capita consumption expenditure (MPCE), employing a given poverty threshold.
Apart from poor and non-poor groups, vulnerable non-poor households were
identified which is crucial from a policy perspective. These households are above the
poverty line but stand at a greater risk of entering into poverty due to unfavourable
shocks, such as the COVID-19 pandemic [45,46]. This research followed the
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previous research conducted by Dang and Lanjouw, 2017[47] in establishing the
vulnerability line using a predetermined vulnerability index. In this study, the
household was considered as vulnerable non-poor when its MPCE is twice the
national poverty line. In a nutshell, vulnerable non-poor are more economically stable
than poor people but not as secure as non-poor or middle class. Accordingly, three
groups have been identified including poor, vulnerable non-poor, and non-poor to
analyse the poverty dynamics of eight surveyed slums. This research tried to
understand the level of poverty and its dynamicity during pre-COVID and post-
COVID periods in slums This study utilized the Rangarajan committee’s poverty line
estimations for the year 2011-2012 [48], which were INR 1407 (USD 16.73) and INR
972 (USD 11.56) MPCE for urban and rural households, respectively [50]. This

research utilized theheadcount index (HI), the poverty gap index (PGl), and relative

i -1:’ ——Railway Track N

Pucca Road
State Highway
— National Highway

[ core Area [l Water Body

[ Peri-Urban [l S'um based on Population
[ IMixed Development Zone [} Slum based on Area

poverty (RP) to assess the uni-dimension of poverty across the selected slums.

Fig. 1: Location of selected slums based on concentration of slum population and

area of slum.2.2.5. Assessment of poverty

2.2.5.1. Assessment of poverty headcount ratio
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To estimate the present scenario of poverty, the headcount ratio method of
measuring poverty has been used. The HI is a widely used measure that measures
the proportion of the population considered poor, often denoted by P0[50]. People
classified as poor are those whose household's MPCE is below the poverty
threshold.

H=% ............................................................ [4]

Where, q = number of individuals or households whose income is below the poverty

line, n= Total population.

This measure has some considerable limitations. Firstly, it failed to identify the
degree of poverty, which is crucial for policy analysis. Secondly, it fails to specify the
severity of poverty among the impoverished, and the easiest method to diminish the
headcount index is to distribute assistance to individuals marginally above the
poverty threshold[51]. Poverty estimates have to be computed for individuals rather

than households.
2.2.5.2. Assessment of poverty gap

To overcome the aforementioned drawback, this research employed PGl to assess
the depth and severity of poverty, seeking to observe the gap between poor people
and the poverty line among slum households. This method assessed how far a

household was from reaching the poverty line [52]. The PGl is expressed as:

where, m = number of households below the poverty line, n = total sample

population, Z= poverty line and yi=income of an individual.
2.2.5.3. Assessment of relative poverty

Earlier, researchers used absolute measures focusing onbasic needs, but later,
shifted to relative measures that emphasized social inclusion. A combined approach
is important to consider both aspects together[53]. This study uses the Gini

coefficient to measure relative poverty based on household income.
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G=1-2" (X = Xim D)+ Vi) oo [6]
Where, X;= Cumulative population share, Y;= Cumulative income share.

The Lorenz curve visually shows income or wealth inequality in a population. It plots
the cumulative share of total income against the cumulative percentage of the
population. A perfectly equal income distribution is shown as a straight 45-degree
line, called the "line of equality”. In contrast, a highly unequal distribution appears as
a curve further away from this line. The closer the Lorenz curve is to the line of
equality, the more balanced the income distribution. Greater gaps between the
Lorenz curve and the line of equality indicate higher inequality. The Gini coefficient,
calculated from the Lorenz curve, is a numerical measure of inequality. It ranges
from O (perfect equality) to 1 (maximum inequality). In this study, the Lorenz curve is
used to represent income distribution across slum households by plotting their
cumulative income shares. The Gini coefficient quantifies this inequality, with higher
values showing greater income disparity and lower values indicating more equal
distribution. This analysis helps reveal the variation in income inequality across the

slum.
2.2.5.4. Assessment of poverty dynamicity

A transitional matrix has been used to understand the poverty dynamics [46,54], in
which poor, vulnerable non-poor and non-poor households were distinguished based
on their MPCE and analysed the dynamics of poverty status during pre- and post-
COVID-19 periods (Table 3). This study exhibits the occupational shifting across
poverty dynamics groups from pre- to post-COVID-19 periods in different slums
using a radar diagram. Major occupational categories of slum dwellers have been
classified as manual labour / unskilled jobs, skilled/professional jobs in the public
sector, skilled/ professional jobs in the private sector, domestic / service work, self-

Employed/small businesses.

Table 3:Transitional matrix for assessing dynamicity of poverty

Nature of Poverty Poor Vulnerable non-Poor Non-poor Total
Poor o p2 P3 p1+p2tps
Vulnerable non-Poor P4 ps Ps P4t+ps+ps
Non-poor p7 Ps Po p7+Pstpo

Total p1+pastp7 p2tpstps p3t+pstpo 4
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Source: Computed by author.

Note. pi+= Number of poor households in pre-COVID and post-COVID situations, p2=
Number of households that were poor in pre-COVID but vulnerable non-poor in post-COVID
situations,ps= Number of households that were poor in pre-COVID but non-poor in post-
COVID situation,ps = Number of households that were vulnerable non-poor before COVID-19
but poor in the post-COVID context, ps=Number of vulnerable non-poor households in both
situations, ps = The number of vulnerable non-poor households in the first round of survey
but non- poor in after pandemic, pr= Number of non-poor households in pre-COVID but
poor in post-COVID era, ps = Number of homes that were non-poor before COVID-19 but are
vulnerable non-poor in the post-COVID context, pg= Number of Non-poor households in both
pre-COVID and post-COVID situation, Z= Total number of household of the slum.

2.4 Data analysis

A number of statistical analyses have been employed to understand the impact of
COVID-19 on poverty during pre- and post-pandemic periods. A one-way ANOVA
(Welch's) test was employed to evaluate if the various occupations, including manual
labour/ unskilled jobs, skilled/professional jobs in the public sector,
skilled/professional jobs in the private sector, domestic / service work, and self-
employed/small business were significantly different for various natures of poverty.
Subsequently, Tukey's Post Hoc test was applied to understand how different

occupational shifts affected various poverty groups.

A multinomial Logit (MNL) model has been used to examine the factors affecting
poverty dynamics across the slums. The MNL is a robust tool for analysing factors
influencing poverty at the household level, particularly when poverty is categorized
into multiple levels or dimensions [55,56]. Unlike binary models, the MNL allows
researchers to investigate how predictors like monthly income, educational level,
employment status, and dependency ratio influence distinct poverty categories, such
as extreme poverty, moderate poverty, or no poverty. Monthly income is a primary
determinant, with higher income generally reducing the likelihood of households
falling into severe poverty[57]. Educational level significantly impacts poverty status
as well, with increased education enhancing employability and earning potential,
leading to upward mobility in poverty categories[58]. Employment status acts as a
key variable in this model, distinguishing between households that rely on stable

incomes versus those dependent on irregular or informal employment[59]. The
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dependency ratio, which measures the proportion of non-working members to
earners in a household, is also pivotal. High dependency ratios often strain
household resources, increasing the probability of falling into extreme poverty. The
MNL model's strength lies in its ability to quantify the relative impact of each factor
on different poverty outcomes. For instance, it can estimate the likelihood of a
household transitioning from extreme to moderate poverty given an increase in
monthly income or a shift in employment type. All the statistical analysis was carried
out using STATA (version 14) software. The details of the research framework are

presented in Fig.2.
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Fig.2: Research framework used in this study.

3 Result
3.1 Scenario of poverty across the slums
3.1.1 Absolute poverty

The HCR showed a diverse poverty pattern, with Simuldanga having the highest
HCR at 83.56%, indicating over one-third of its households living in poverty. On the
other hand, Sufalpally (74.56%), Kasaimahalla (72.50%), and Deshbandhu road by
lane (71.56%) also had HCR above 70%, highlighting severe poverty levels.
Sekrapara, on the other hand, had a lower HCR of 55.87% but still had more than



451
452

453
454
455
456
457
458
459
460
461
462
463
464
465

466
467

468

half of its residents impoverished. Bhagabandhpara, Napitpara, and Telkalpara had

HCRs above 60%, indicating widespread and pervasive poverty (Fig.3).

There were also variations of the PGR among the households living in the slum
areas. The results showed that Sufalpally and Bhagabandhpara had the highest
PGR with values of 0.010 and 0.0 08 indicating a significant income gap, indicating
that individuals in these areas are further from escaping poverty due to their financial
needs. Telkalpara had the lowest PGR at 0.001, suggesting a shallow poverty depth
among its residents. The moderate PGR was found in Kasaimahalla, Deshbandhu
Road by Lane, and Sekrapara. The results also showed that there were spatial
variations of poverty across the core, peri-peri and mixed development areas. The
most of households living in peri-urban or mixed development areas (Simuldanga,
Sufalpally, Kasaimahalla, Deshbandhu road by lane) were characterized by higher
deprivation and high HCR and PGR (Sufalpally). On the other hand, the slums
located in the core areas were characterized by a relatively low heat count ratio and

a high poverty gap.
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mmsm Head-Count Ratio Poverty-Gap Ratio

Fig. 3: Head count ratio (HCR) and Poverty gap ratio (PGR) among the slum

dwellers

3.1.2 Relative poverty
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The Lorenz curve revealed a significant income disparity among the slum areas.
Napitpara had the highest Gini coefficient value of 0.531, indicating a significant
degree of income inequality among the households (Fig.4). Deshbandhu Road by
Lane and Bhagabandhpara also showed a high Gini coefficient value, suggesting
income inequality was a prevalent issue. Kasaimahalla, Telkalpara, and Sufalpally
show moderate income disparity, with Gini coefficient values of 0.430, 0.390, and
0.379 showing a relatively balanced income distribution. Simuldanga and Sekrapara
have the lowest levels of income inequality, with Gini coefficients of 0.341 and 0.283,

indicating a more equitable distribution of income among the households.

In the case of the spatial variation, it was found that there were substantial variations

of income inequality across core, peri-urban and mixed development areas. The core
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Fig. 4: Income inequality among the selected slums HHs

3.2 Poverty dynamics across various slums

Sankey diagram(Figure 5)shows the poverty dynamics across the slums during pre-
and post-COVID-19 periods in Purulia Municipality. There were significant
transformations of poverty during pre- and post-COVID-19 periods across the slum
areas. For example, Sufalpally was significantly affected by chronic poverty. Over
50% of the households remained consistently poor during pre- and post-COVID-19
periods in Sufalpally, followed by Sekrapara, Simuldanga, and Kasaimahalla.
Despite the persistence of poverty, 24% of households in Sufalpally managed to
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transition out of poverty. Particularly, 16.67% shifted into the vulnerable non-poor

category, and 7.14% attained the non-poor status.
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(a) Bhagabandhpara, (b) Sufalpally, (¢) Kasaimahalla, (d) Napitpara, (e) Deshbandhu road by lane, (f) Telkalpara, (g) Sekrapara, (h) Simuldanga

Fig.5:Poverty dynamics across various slums in Purulia during Pre-Covid to Post-

Covid span.

On the other hand, Napitpara and Deshbandhu Road by Lane show the lowest rates
of chronic poverty, with only 18.18% and 20% of households remaining poor,
respectively. The results also showed that Bhagabandhpara had an increase of
12.5% in the poor category, coupled with declines in both the vulnerable non-poor
and non-poor households by 4.76% and 2.38%, respectively. In Simuldanga, a
significant 36% of the population falls under the vulnerable non-poor category. This
group, while not classified as poor, remains at considerable risk of slipping into

poverty, especially under economic shocks similar to those caused by COVID-19.
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Napitpara and Deshbandhu Road by Lane, on the other hand, show slight
improvements in poverty reduction among the poor and vulnerable non-poor groups,
with downward shifts of 3.02 and 5 percentage points for the poor and 6.06 and 2.5
percentage points for the vulnerable non-poor, respectively. From the findings of the
results, it was observed that there was significant mobility among the households
across the slums. For example, a relatively higher rate of upward mobility was
reported from Deshbandhu Road by Lane (25 %,), Telkalpara (16.67%), and
Napitpara (15.16%) shifting where from the poor to the non-poor category,
respectively (Supplementary Table S1).

3.3. Occupational shift during pre to post-COVID-19 as resilience to pandemic

Figure 6revealed a complex and multifaceted scenario of occupational shifts across
poverty dynamics among the households across the selected slums during the pre-
and post-COVID period. The household groups were classified into five categories
based on the poverty dynamics and its impact on the households. These were: the
chronically poor group, self-employed group, poverty escape group, poverty entry

group and non-poor group.
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Fig.6:Occupational shift during pre- and post-COVID-19 periods

3.3.1. Chronically poor group: increased reliance on manual labour and decrease in

domestic work

The chronically poor households group living in Napitpara and Deshbandhu Road by
Lane exhibited the highest increase in households engaged with manual labour or
unskilled jobs during post-COVID-19 periods. Conversely, Kasaimahalla and
Telkalpara show a decrease in manual labour engagement by 5.56 and 5.65
percentage points, respectively. A moderate change in manual labour engagement
was reported in Sufalpally (6.92 %), Sekrapara (6.64 %), and Simuldanga (1.57%).
Domestic work engagement dropped significantly from pre-COVID to Post-Covid in
several slums, most notably in Kasaimahalla (33.35%), Sekrapara (16.67%), and
Deshbandhu Road by Lane (11.82 %), Simuldanga (9.52%), and Telkalpara
(6.67%). In Bhagabandhpara, however, the percentage of domestic workers
increased from 25% during pre-COVID-19 to 33.33% during post-COVID.

3.3.2. Self-employment trends: mixed impact on economic mobility

Self-employment has shown a mixed trend across the chronically poor group.
Sekrapara experienced an increase of 15% among self-employed households,
followed by Napitpara (11.43%) and Telkalpara (7.14 %). On the other hand,
Sufalpally witnessed the highest reduction in self-employment (25 %), followed by
Simuldanga (13.33 %), Bhagabandhpara (9.52 %), and Deshbandhu Road by Lane
(9.70 %).

3.3.3.Poverty escape group: persistent manual labour and limited skilled

employment

Among the poverty escape group, manual labour engagement remained relatively
consistent between the pre-and post-COVID-19 periods in Kasaimahalla and
Telkalpara, with the highest increase observed in Kasaimahalla (14.44 %).
Telkalpara and Napitpara also showed an increase in manual labour engagement.
Although there was a limited engagement in skilled or professional jobs among the
group, there was a slight increase in private sector employment observed in slum
areas like Kasaimahalla, Sufalpally, Deshbandhu Road by Lane, Simuldanga,

Napitpara, and Telkalpara.

3.3.4 Poverty entry group: decrease in manual labour and rise in domestic work
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The poverty entry group also demonstrated notable occupational shifts, particularly
concerning manual labour. In Kasaimahalla, there was a significant decline in
manual labour suggesting a reduction in dependence on unskilled jobs (27.27 %). In
some selected slums (such as Telkalpara and Sekrapara), there was an increase in
manual labour engagement. In the case of Sufalpally, there was an increase of
domestic work (increased by 33.33%) and small businesses (increased by 44.87%),

respectively.
3.3.5Non-poor group: mixed trends in employment stability

The non-poor households showed mixed trends in manual labour engagement.
Bhagabandhpara (reduced by 4.76%) and Kasaimahalla (reduced by 1.11%)
experienced a slight reduction in the engagement of manual labour engagement. On
the other hand, Napitpara, Deshbandhu Road by Lane, Simuldanga, Sekrapara, and
Sufalpally, showed an increase in engagement in manual labour. The households
with small business engagement increased in Sufalpally (20.67 %), Simuldanga
(13.33 %), Deshbandhu Road by Lane (10.30%), Telkalpara (8.93%), and
Bhagabandhpara (4.76 %). However, in other slums like Kasaimahalla, Napitpara,
and Sekrapara, the non-poor group remains disengaged from domestic work and

small businesses.
3.4. Occupational shifting among different groups

Table 4 shows the result of the ANOVA (Welch's) test, providing critical insights
related to the significant differences between households. The occupations were
normally distributed among manual labour/ unskilled jobs, domestic / service work,
and self-employed/small business.However, labour engaged in skilled/ professional
jobs in the public sector and skilled/ professional jobs in the private sector did not

follow the normal distribution during the preliminary analysis.

Table 4:ANOVA table for Occupational Shifting of slum dwellers

Occupation F dfi  df2 p
Manual Labour / Unskilled Jobs 1.35 3 141 0.298
Domestic / Service Work 24 3 13.7 0102
Self-Employed / Small Business 3.48 3 146 0.044

Source: Computed by author.
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On the other hand, it was found that for domestic / service work, F-value= 2.40 and
p-value = 0.091, suggesting the rejection of the null hypothesis, meaning the group
means are statistically different. Finally, the F-ratio of 3.480 and p-value= 0.044
suggests the group means in this occupation are not identical, highlighting significant
variability across groups. In summary, the result of ANOVA reveals that both
domestic/service work and self-employed/small business occupation groups exhibit

statistically significant differences.

A pair-wise comparison for occupational shifts in domestic /service work and self-
employed/small business across different poverty groups has been represented in
Table 5, using Tukey's post hoc test. However, the result for domestic or service
work represented the comparison between chronic poor and poverty entry (0.050)
and chronic poor and poverty escape (0.081) both statistically significant at 5% and

10 % significant level.

Table 5:Post-Hoc Tukey Test for Occupational Shifting in surveyed slums

] Poverty
Nature of Poverty Chronic poor Poverty Entry Non-Poor
Escape

Domestic / Service Work

Mean
— -17.3 -18.89 -11.81
Chronic poor difference
p-value — 0.081* 0.050** 0.338
Mean
Poverty ) — -1.59 5.5
difference
Escape
p-value — 0.996 0.856
Mean
— 7.09
Poverty Entry difference
p-value — 0.736
Mean
Non-Poor difference
p-value —
Self-Employed / Small Business
Mean
— 8.55 -10.3 -10.087
Chronic poor difference
p-value — 0.627 0.475 0.495
Mean
Poverty ) — -18.9 -18.639
difference

Escape
p-value — 0.057* 0.062*
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Source: Computed by author.

Therefore, a significant mean difference between chronic poor and poverty entry and
chronic poor and poverty escape has been observed. This result provides robust
evidence of occupational shift into domestic or service work for the chronically poor
categories. In contrast, the p-values of chronic poor and non-poor (0.338), poverty
escape and poverty entry (0.996), poverty escape and non-poor (0.856), poverty
entry and non-poor (0.736) were not statistically significant, indicating the group
means are similar and show no different. However, the results for self-employment or
small business show statistically significant differences between poverty escape and
poverty entry (0.057) and poverty escape and non-poor (0.062). This analysis
reinforces the findings from the ANOVA and provides a strong insight into how

occupational shifts differ across different poverty groups in an urban slum area.
3.5. Factors affecting poverty dynamics

In this section of results, the socio-economic factors affecting poverty dynamics have
been determined using a multinomial logit model. In this model, the factors that affect
poverty dynamics have been classified as 'poor' or 'vulnerable non-poor' compared

to 'non-poor' (Table 6).

Table 6: Determinants of poverty during pre- and post-COVID-19periods

Poor (vs. non-Poor) Vulnerable non poor (vs. non-Poor)
Factors Coef. p 95% CI Coef. p 95% CI
Pre-COVID

Monthly family income -0.001*** 0 -0.001 -0.001 0.000*** 0 -0.001 0
Level of Education of the HH Head:(reference: llliterate)

Primary -1.582* 0.061 -3.239 0.075 -1.481* 0.047 -2.944 -0.019
Secondary -2.776** 0.002 -4.513 -1.039 -2.170*** 0.005 -3.685 -0.656
Higher Secondary -1.16 0.438 -4.092 1.771 -0.132 0.907 -2.341 2.078
Graduation and above -4.050**  0.021 -7495 -0.606 -3.754** 0.015 -6.792 -0.715

Occupation: (reference: Formal)
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Informal 3.705*** 0 3.981 9.165 3.360*** 0 1.829 4.891

Migration Status: (reference: Non-Migrant)

Migrant -3.989*** 0 -6.162 -1.815 -2.216*™* 0.005 -3.78 -0.652

Dependency Ratio: (reference: 0-25 %)

25-50 2.516** 0.008 0.649 4.383 1.455* 0.064 -0.087 2.997

50 and above 3.343** 0 1737 4949 1548 0.022 0.221 2.874

Physical Asset: (reference: No)

Yes -2.280*** 0.003 -3.797 -0.764 -2.053*** 0.002 -3.351 -0.755

Site of the slum: (reference: Core area)

Peri urban 0.818 0.365 -0.95 2.585 -0.322 0.658 -1.75 1.105

Mixed developed 1.608 0.185 -0.223 3.44 0.9 0.254 -0.647 2.448

Constant 1.508 0.357 -1.698 4.714 2.047* 0.072 -0.183 4.276

Monthly family income -0.001** 0 -0.001 -0.001 0.000*** 0 -0.001 0
Post-COVID

Level of Education of the HH Head: (reference: llliterate)

Primary -1.805* 0.058 -3.669 0.06 -1.178 0.18 -2.901 0.545

Secondary -3.320** 0.001 -5.258 -1.382 -1.770** 0.042 -3.479 -0.06

Higher Secondary -3.471**  0.023 -6.467 -0.476 -3.069** 0.018 -5.613 -0.524

Graduation and above -4.525*** 0.003 -7.556 -1.493 -18.928 0.988 -2576 2538.5

Occupation: (reference: Formal)

Informal 6.573*** 0 1.668 5.741  3.250*** 0 1.573 4.927

Migration Status: (reference: Non-Migrant)

Migrant -4.148** 0 -6.303 -1.992 -1.862** 0.021 -3.443 -0.28

Dependency Ratio: (reference: 0-25 %)

25-50 -0.478 0.619 -2.362 1.405 -0.369 0.655 -1.988 1.25

50 and above 0.731 0.363 -0.845 2.306 0.21 0.77 -1.199 1.62

Physical Asset: (reference: No)

Yes -1.273* 0.086 -2.724 0.178 -1.438* 0.027 -2.712 -0.164

Site of the slum: (reference: Core area)

Peri urban 1.666* 0.097 -0.3 3.631 0.971 0.284 -0.806 2.748

Mixed developed -0.875 0.347 -2.698 0.948 0.057 0.947 -1.625 1.739

Constant 7.871%* 0 4385 11.356 3.534** 0.025 0.441 6.627

Pre-COVID-19: Log likelihood = -125.707, x2 = 383.39, Pseudo R2 = 0.604; post-COVID-
19: Log likelihood = -126.484, x2 = 391.29, Pseudo R? =0.6073
Note: Coef. = Coefficient of the multinomial logit model, CI = Confidence Interval, ***
Significant at 1%; ** Significant at 5%; * Significant at 10%.

Source: Computed by author.

The results indicated that the household monthly income was a significant

determinant of poverty. The findings showed that there was a negative correlation

between income level and poverty likelihoods (Coefficient = - 0.0009, p = 0.000;

Coefficient = -0.0003, p= 0.000) for "poor" and "vulnerable non-poor" categories,
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respectively during pre- and post-COVID-19. Educational level was also a critical
factor in reducing poverty among the households living in slum areas. The model
demonstrated that having a primary education significantly decreased the probability
of being classified as poor or vulnerable non-poor in both timeframes (Coefficient = -
1.582, p= 0.061, significant at 10 % level; Coefficient = -1.481, p= 0.047 significant at
5 % level). The coefficient values indicated a negative relationship between
educational attainment and poverty risk, specifically, -2.776 (p= 0.002) for secondary
and -4.050 (p= 0.021) for graduate education during the pre- and post-COVID-19

periods.

Employment in the informal sector was a dominant factor affecting household's
poverty dynamics as there was a positive correlation between employment and
poverty dynamics s (poor coefficient = 3.705, p= 0.000; vulnerable non-poor-
coefficient= 3.360, p= 0.000) during pre-COVID-19 periods. There was a stronger
association between employment in the informal sector and poverty dynamics i.e.
6.57 times more likely to be categorized as poor and 3.25 times more likely to be
vulnerable non-poor. There was a stronger association between employment

informal sectors and poverty dynamics during post-COVID-19 periods.

The migrant households showed a significant decrease of lower likelihood into the
poor or vulnerable non-poor categories compared to non-migrant households with
coefficient values of -3.988 and -2.216, respectively during the pre-COVID period.
This pattern persisted even during the post-pandemic with migration decreasing the
probability of poverty by 4.147 times. The households with a dependency ratio
exceeding 50%, there was probability of being classified as poor increased by 3.342
times during pre-COVID-19 periods. The geographical location of households
significantly affected the poverty dynamics, particularly during the post-COVID-19
periods. The results showed that the households residing in peri-urban areas were
more likely to be classified as poor compared to those residing in core urban core

areas.
4 Discussion

There were variations of the relative poverty across the slums. Sufalpally and
Bhagabandhpara had the highest PGR indicating a significant income gap and
escaping poverty due to their financial needs. These results indicated the fact that
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these slum areas were characterized by heterogeneous income group households
with diversified socio-economic conditions. Simuldanga and Sufalpally slums were
characterized by high HCR and PGR revealing the dual issue of widespread and
deep poverty among the households, and making these slums particularly vulnerable
[60]. The higher HCR and PGR also revealed that these slums underscored the
prevalence of poverty in these areas and its intensity, with many residents facing
both widespread deprivation and significant income deficits[61]. The HCR and PGR
also varied across the core, peri-urban or mixed development areas indicating the
fact that there is a relation between poverty and the spatial distribution of households
[62]. The HCR and PGR were the highest in Kasaimahalla, Deshbandhu road by
lane, Simuldanga and Sufalpally slums again indicating that the households residing

in these slums have high income inequality and gaps.

As per the results of the Gini coefficient, it was found that Deshbandhu Road by
Lane and Bhagabandhpara had the highest value indicating inequality of income
among the households living in these slums and limited access to employment
opportunities or highly variable income sources among households in slums [63]. On
the other hand, Simuldanga and Sekrapara had the lowest income inequality
indicating equitable distribution because of better access to community resources,
stable local employment opportunities, or greater economic support networks.The
results also showed spatial variation of income inequality across the slums located in
the core and peri-urban or mixed development areas. For example, the slums
located in cores were characterized by relatively higher income inequality as

compared to the slums located in the peri-urban or mixed development areas.

In the previous piece of the literature, it was well documented that poverty has been
significantly affected by to emergence of COVID-19 [64]. In this study also, it was
found that poverty conditions varied during pre- and post-COVID-19 periods. Over
50% of the households remained consistently poor in both pre- and post-COVID-19
periods in Sufalpally indicating the fact that there were limited opportunities towards
socio-economic mobility [65,66]. Human mobility decreased during the COVID-19
pandemic due to strict government-imposed lockdowns, travel restrictions, and social
distancing measures aimed at curbing the virus's spread[67,68]. Non-essential
businesses, schools, and public spaces were closed, while work-from-home policies

reduced commuting. Fear of infection also discouraged people from leaving their
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homes. International and domestic travel bans further limited movement. Public
transport use plummeted due to safety concerns, and recreational activities were
curtailed. These restrictions disrupted daily routines, significantly reducing mobility
across urban and rural areas. The pandemic underscored the critical role of mobility
in socio-economic activities and its vulnerability during global health crises. However,
despite the general persistence of poverty in Sufalpally is followed closely by
Sekrapara, Simuldanga, and Kasaimahalla, approximately 24% of households in
Sufalpally managed to transition out of poverty. Specifically, 16.67% shifted into the
vulnerable non-poor category, and 7.14% attained the non-poor status. This upward
mobility signals some resilience within the community, potentially due to targeted

interventions or resourcefulness among certain households.

The results showed a decrease in the percentages of households engaged in
manual labour or unskilled in Napitpara and Deshbandhu Road by Lane. The
increase in people working in manual labour or unskilled jobs during the post-
COVID-19 period was driven by widespread economic disruptions [69,70]. The
pandemic caused job losses in formal sectors, particularly in service industries,
tourism, and manufacturing, forcing many to seek informal or unskilled
employment[71,72]. Migrant workers, who returned to their hometowns during
lockdowns, often lacked access to skilled opportunities and relied on manual labour
for income [73,74]. Economic recovery efforts created a demand for construction,
logistics, and agriculture jobs, further attracting workers. Additionally, the need for
quick income, coupled with limited skilling opportunities, pushed many into unskilled
labour roles for survival. The engagement with the domestic sector dropped from pre-
to post-COVID-19 periods due to significant shifts in economic conditions and
lifestyle changes[75]. The pandemic led to widespread job losses and economic
downturns, which impacted disposable incomes and reduced demand for domestic
services [76]. Health concerns and social distancing measures also discouraged in-
home services, altering how households managed chores and care giving. Post-
pandemic, many households adapted to more self-sufficient routines or technology-
assisted solutions, such as cleaning robots, reducing reliance on domestic help.
Additionally, former domestic workers often shifted to other sectors or more stable
jobs as economies began to recover and diversify post-COVID.
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Poverty during the COVID-19 period was exacerbated by several interconnected
socio-economic factors, disproportionately impacting vulnerable households. Monthly
income was a significant determinant, as low-income households experienced a
sharp decline in earnings due to job losses and restricted economic activities during
lockdowns. Daily wage earners, particularly those in the informal sector, faced
income volatility, leaving them unable to meet basic needs due to a lack of savings
or formal financial support. Educational levels also played a crucial role, as
households with lower education were more likely to rely on low-skilled jobs, which
were among the first to be disrupted. This left less-educated workers with limited
opportunities for alternative or remote employment. Employment in the informal
sector further intensified poverty, as workers lacked job security, social protection,
and access to unemployment benefits. The abrupt halt of informal economic
activities left these households without any financial safety net. Migrant households
were particularly affected, as many workers lost urban jobs and were forced to return
to their native regions, incurring significant migration costs while losing income
sources. The absence of formal support systems in rural areas compounded their
vulnerability. Households with a high dependency ratio faced additional economic
strain, as the loss of income from primary earners severely limited their ability to
afford essentials like healthcare, education, and food. Furthermore, the location of
slums contributed to heightened poverty levels, as overcrowded living conditions,
inadequate sanitation, and limited access to healthcare made it harder for residents
to maintain income-generating activities while also increasing their risk of infection.
These factors collectively underscore how structural inequalities and pre-existing
vulnerabilities were magnified during the pandemic, pushing already marginalized

households further into poverty.
4 1 Limitations and future research directions

The main limitation of this study lies in its reliance on a monetary or unidimensional
approach, which may fall short of capturing poverty's multifaceted nature. While
monetary metrics offer valuable insights into regional microeconomic conditions, they
overlook dimensions like health, education, and living standards that a
multidimensional approach can reveal. Improvements in one aspect of a household
do not necessarily translate into progress in others, underscoring the need for

broader poverty metrics. Nonetheless, understanding the economic dimensions of
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poverty is critical for addressing the immediate needs of disadvantaged populations
and shaping informed policies. Notably, few studies focus on poverty dynamics at a
micro level, often prioritizing larger units of analysis. This paper examines poverty
status and its evolving dynamics over time within Purulia Municipality’s slum areas,
with particular emphasis on the impact of COVID-19. Such analysis could provide
vital information for government bodies and policymakers to devise effective
measures that mitigate poverty and help vulnerable populations withstand economic

shocks.
4.2 Policy implications

In order to achieve the Sustainable Development Goals (SDGs), especially those
that center on eradicating poverty (SDG 1), reducing inequality (SDG 10), and
promoting sustainable cities and communities (SDG 11), it is imperative to evaluate
the dynamics of poverty in slums both before and after COVID-19 (Figure 7). Due to
overcrowding, a lack of essential facilities, and economic precarity, residents of
urban slums faced increased hazards, which the COVID-19 pandemic greatly
increased [77,78]. Designing focused solutions that support the SDGs requires an
understanding of these dynamics. An evaluation offers vital information about the
ways in which pandemic-induced shocks affected slum social mobility, health,
education, food security, and income levels[79,80]. It draws attention to the
differences in resilience strategies and resource availability between marginalized
groups, highlighting the pressing need for inclusive policy. Furthermore, by
determining which tactics were successful in lessening the pandemic's

consequences, these assessments can help guide adaptive actions that will increase

| 3 | |

i ! :
SDG 11: Sustainable Cities --! | 1-- SDG 8: Decent Work
1 \ ,I ]
Community Engagement -* ~ 4 -~ * - - Economic Opportunities
| |
SDG 16: Peace and Justice --! '-- SDG 13: Climate Action
I I
Strong Institutions -7 ‘- Environmental Protection

Fig. 7: Pathways to achieve resilience and SDGs in slums.
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resilience in the future. Furthermore, advancing fairness in urban planning depends
on these assessments. Assessments help create inclusive urban settings that
promote the SDGs' "Leave No One Behind" principle by tackling the underlying

causes of deprivation and improving access to basic amenities in slums [81].

To put it simply, analysing the dynamics of poverty in slums gives policymakers a
data-driven basis on which to allocate resources, close socioeconomic divides, and
create resilient urban systems, guaranteeing that the SDG targets are delivered
efficiently and sustainably even in the face of upcoming global problems [82,83]. In
order to achieve the SDGs and improve readiness for future pandemics, it is
imperative to evaluate the dynamics of poverty in slums, particularly before and after
COVID-19 [84,85]. The susceptibility of urban slum populationswhere hardship
exacerbates inequality and restricts access to healthcare, education, and basic
serviceswas brought to light by the COVID-19 epidemic [35,86]. The foundation for
identifying the main factors that influence vulnerability and resilience is provided by
assessment. It aids in tracking the socioeconomic effects of crises that
disproportionately affect slum inhabitants, such as food insecurity, job losses, and
interrupted education. Policymakers can create focused interventions that improve
healthcare and social safety nets and make them more accessible and inclusive by
analysing the adaptive tactics used during COVID-19. Furthermore, thorough
evaluations make it possible to spot weaknesses in the laws and infrastructure that
are in place, which promotes the growth of resilient communities. The knowledge
gained from these evaluations can help direct resource allocation and urban
planning to lessen the vulnerability of slum inhabitants to pandemics and climate-
related shocks in the future. Implementing the SDGs with these insights guarantees
a fairer recovery and increases the resilience required to face new challenges.
Assessments that put the needs of underserved groups first can accelerate the
achievement of the SDGs and, in the end, promote an inclusive, sustainable, and

pandemic-resilient urban future.

Table 7: Importance of assessment deprivation and resilience in slums in public

health well-being

Deprivation Resilience
. Relevance to SDGs and
Aspect (current (desired _ )
o public health well-being
situation) outcome)



SDG 6 (Clean Water and

o Improved o
Limited access _ Sanitation), SDG 7 (Affordable
infrastructure,
to clean water, and Clean Energy), SDG 3
. o affordable _
Access to Basic | sanitation, (Good Health and Well-Being).
. o healthcare, .
Services electricity, it Access to these services
quali _
healthcare, and y. improves overall health,
_ education, and _ _
education education, and economic
clean energy N
opportunities.
o Strong SDG 3 (Good Health and Well-
Poor sanitation, ) _
N healthcare Being). Addressing health
malnutrition,
. systems, challenges helps reduce
Health overcrowding, N _ _ _
o nutritious food diseases, improve life
Outcomes and limited o . .
availability, and expectancy, and increase quality
healthcare o . . .
clean-living of life, leading to better public
access .
environments health outcomes.
Limited _ SDG 8 (Decent Work and
Economic . .
employment Economic Growth). Creating
-~ empowerment . -
_ opportunities, _ economic opportunities helps
Economic through job .
N low wages, _ _ reduce poverty, improve
Opportunities _ creation, skills . .
informal . economic stability, and foster
training, and _ o _
economy | sustainable livelihoods in slum
_ entrepreneurship .
reliance communities.
. SDG 11 (Sustainable Cities and
Sustainable N _
Poor waste _ Communities), SDG 13 (Climate
urban planning, ' _
. management, . Action). Sustainable
Environmental _ ) improved waste _
N high pollution, environmental management
Conditions _ management, . _
inadequate promotes resilience to climate
and green
green spaces change, enhances urban
spaces

livability, and mitigates pollution.

Social Inclusion

Social exclusion,
inequality, and
marginalization
of vulnerable

groups

Empowerment of
marginalized
groups, gender
equality, and
community

solidarity

SDG 10 (Reduced Inequalities),
SDG 5 (Gender Equality).
Enhancing social inclusion and
addressing inequalities improves
overall community cohesion,

resilience, and social justice.
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Active SDG 16 (Peace, Justice, and
involvement of Strong Institutions). Engaging
Lack of o .
) S communities in communities ensures that
Community participation in . .
o _ planning, development plans reflect their
Engagement decision-making o
governance, and | needs and aspirations,
processes . _ ) )
resilience- enhancing social cohesion and
building governance effectiveness.
. - SDG 13 (Climate Action).
High vulnerability | Enhanced o _ -
. . Building climate resilience
_ to climate climate -
Climate . reduces vulnerability to
. hazards (e.g., adaptation and _
Resilience . . environmental shocks and
floods, disaster risk
promotes long-term
heatwaves) management S
sustainability in slum areas.

The Indian government responded to the acute vulnerabilities of urban slums by
implementing focused efforts to reduce poverty during the COVID-19 pandemic [87].
Under the Pradhan Mantri Garib Kalyan Yojana (PMGKY), women with Jan Dhan
accounts received direct cash transfers, and farmers and the elderly received
assistance. To lessen the loss of daily pay, food security programs like the Pradhan
Mantri Garib Kalyan Ann Yojana (PMGKAY) and the expanded Public Distribution
System offered free rations. In order to supplement rural employment programs,
employment schemes, such as urban job initiatives under the Atmanirbhar Bharat
Abhiyan,

immunization units, quarantine facilities, and the delivery of basic hygiene supplies

provided temporary employment opportunities. Mobile testing and
improved access to healthcare. The Pradhan Mantri Awas Yojana-Urban (PMAY-U)
housing projects sought to lessen overcrowding, which is a major contributor to the
spread of viruses. Food security for migratory workers between states was
guaranteed by the One Nation One Ration Card program, which also provided
transportation support to enable safe returns [88,89].Long-term poverty reduction in
slums necessitates bolstering public health infrastructure and housing, as well as
expanding access to clean water, sanitation, and healthcare. Economic stability
depends on fostering livelihoods through skill development, career training, and
assistance for entrepreneurs [90]. Slum dwellers can be better prepared for future

shocks by increasing social safety nets like unemployment insurance and universal
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health insurance [91]. In order to create equitable and sustainable urban
environments, inclusive urban planning, which involves slum populations in decision-
making, is essential. When combined, these diverse approaches can successfully

combat urban poverty and advance social justice.
5. Conclusions

This study highlights the urgent need for targeted, multi-faceted policy interventions
to alleviate poverty and improve living conditions in Purulia's slums. Key initiatives
include enhancing access to essential services like sanitation, clean water,
healthcare, and education, focusing on job security and livelihood programs,
strengthening social inclusion programs, and enhancing education and skill
development. Government schemes should expand service delivery infrastructure to
ensure equitable access. Skill-based training and self-employment opportunities can
empower slum residents to secure stable, higher-paying jobs, especially post-
COVID-19. Social inclusion programs should integrate marginalized communities
into mainstream social and economic programs, potentially through caste- and
religion-sensitive initiatives. Expanding access to education and vocational training
for both adults and children in slum areas is essential for building long-term
resilience against poverty shocks. Assisting slum households in acquiring productive
assets, such as housing and land rights, can offer economic resilience and reduce

poverty persistence.

This study highlights the pressing need for policy frameworks that prioritize the
unique socio-economic challenges in Purulia's slums, especially in the post-COVID-
19 context. Persistent poverty and the socio-economic divide across slums
emphasize the limitations of existing urban development schemes like the Pradhan
Mantri Awas Yojana and Jawaharlal Nehru National Urban Renewal Mission, which,
while beneficial, require improved implementation and resource allocation to be
effective. The location of a slum plays a pivotal role in shaping poverty dynamics.
This study highlights the need for location-specific slum upgrade programs to
promote equitable development in the slums of Purulia Municipality. A participatory
approach, involving local residents in poverty-alleviation efforts, can foster more
inclusive and sustainable urban environments. By addressing these pressing

challenges, policymakers can enhance social equity, ensure resource accessibility,
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and facilitate a path out of chronic poverty for Purulia's marginalized urban

communities.
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