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Abstract Urban poverty is a complex phenomenon
and people experiencing poverty suffer from various
deprivations. Multidimensional poverty measurement
has been one of the best indicators of this depriva-
tion. In general, slum dwellers are considered homog-
enous groups, but it is not valid in multidimensional
deprivation. This paper aims to find out the corre-
lates of multidimensional poverty in slums. Spatial-
ity and correlates of poverty in Varanasi City have
been tapped using statistical modelling. The paper is
based on primary data collected from 384 households
through an interview schedule from 12 slums across
three geographical zones of the city. The MPI index
for slums, based on global MPI, was used to compute
MPI for each geographical zone. Further ANOVA
and hierarchical regression analysis were performed
to find spatiality and correlates of multidimensional
deprivation. The paper reveals that socio-religious
categories, occupation and geographical location are
significant determinants or at least correlates of mul-
tidimensional poverty in slums.
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Introduction

Poverty measurement is a crucial and complex issue
in academia and policy planning. Traditional unidi-
mensional approach to measure poverty in terms of
income or consumption cannot capture the multiple
factors contributing to poverty (Belhadj, 2011; Perry,
2002). Poverty can be defined much more broadly by
considering poor people’s lack of education, health
and other aspects of their standard of living (Alkire,
2007). Urban Poverty is a multidimensional phenom-
enon and people experiencing poverty suffer from
various deprivations like lack of adequate housing
and services, education and personal, security access
to employment, social protection and lack of access
to health (Bhasin, 2001; Sulaiman et al., 2014; Abd
Manap et al., 2017; Ariyanto, 2023).

Various international organizations, agencies,
economists, sociologists and geographers took the
pain to identify parameters and indicators of poverty
and the development of indexes such as the Physi-
cal Quality of Life Index (PQLI), Human Devel-
opment Index (HDI), etc. (Jha & Tripathi, 2014;
Morris, 1980; Narayana, 2009; Pandey et al., 2006;
Sirgy et al., 2006). Hagerty et al. (2001) review 22
indexes of the last 30 years, but none of these indi-
ces except HDI has been computed for India. The
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Human Poverty Index (HPI) was the first such meas-
ure, which was replaced by the Multidimensional
Poverty Index (MPI) in 2010 (Rahi, 2011). The MPI
combines the incidence of poverty and the intensity
of deprivation to measure acute poverty (Alkire &
Santos, 2014). The incidence of poverty refers to the
proportion of people who experience multiple dep-
rivations, whereas the intensity of the deprivation
refers to the average proportion of (weighted) depri-
vations they experience (Alkire et al., 2021; Khalaj
& Yousefi, 2015). If everyone is deprived of all the
considered indicators in society, the MPI would be
100 per cent based on available information for the
household (Alkire & Santos, 2014).

It is also notable that, in general, slum dwellers are
considered homogenous groups, but it is not the truth
in the case of multidimensional deprivation. The eco-
nomic condition and geographical attributes of cities
are uneven and it also applies to slums in these cities.
Therefore, one can see the variation in deprivation in
the case of different social or marginal groups living
in these slums. Furthermore, this variation is more
prominent in the case of multiple deprivation or mul-
tidimensional poverty.

A poverty profile describes the pattern of poverty
but is not predominantly concerned with explaining
its causes. However, a satisfactory explanation of why
some people are poor is essential to tackle the roots of
poverty (Haughton & Khandker, 2009). The determi-
nants or correlates of poverty have regional, commu-
nity, household and individual characteristics (Fahad
et al., 2023). Factors causing poverty, or at least the
factors correlated to poverty, can be determined using
these characteristics. Sociologists, political scientists
and regional scientists point out that specific com-
munity attributes are empirical correlates of thriving
communities and social and political structures play
an essential role in economic development, inequality
and poverty. (La Ferrara & Bates, 2001; Rupasingha
& Goetz, 2007).

Spinks (2001) remarks that though all phenom-
ena occur over time and thus have history, they also
happen in space, at particular places and have a geo-
graphical attribute. Undoubtedly the two perspec-
tives are linked, but over-attention to the former has
occurred at the expense of geographical-based analy-
sis. However, some crucial studies have emphasized
spatial/location factors to determine poverty. The
‘spatial turn’ in urban sociology has directed attention
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to how spatial arrangements operate as constitutive
dimensions of social phenomena and determine pov-
erty and inequality (Gotham, 2003; Harvey, 1993;
Low & Steets, 2014). In this context, spatiality or
locational correlates have evolved as a significant
dimension of poverty. Location or Spatial effect has
also been influential in poverty determination (Ong &
Miller, 2005) and households in less endowed zones
are likelier to be poor than those in more endowed
regions, which depicts the spatial dimension of urban
socio-economic inequality (Gounder, 2013; Nafees
et al, 2022; Poon, 2009). Dinzey-Flores (2017)
argues that it is vital to understand where inequality is
located and how it is spatially distributed and spatial
polarization or segregation of resources is responsible
for this inequality.

Various studies found that household consump-
tion, including demographic, social, housing char-
acteristics, education, employment types, gender
and location or geography, were the significant cor-
relates of poverty (Gounder, 2013; Jamal, 2005).
Xhafaj and Nurja (2014) presented two regression
model, which shows that the household size, the edu-
cational level and gender of the household head and
the zone (urban or rural) are variables that influence
poverty. Researchers have established a relationship
between poverty and social/religious/economic group
in India (Dubey & Gangopadhyay, 1998; Meenakshi
et al., 2000; Sundaram & Tendulkar, 2003; Shukla
et al, 2010; Mukim & Panagariya, 2012; Pana-
gariya & More, 2014; Arora & Singh, 2015). In
other parts of the world, various studies have also
found social, religious or racial determinants of pov-
erty (HalimatusA’Diyah, 2015; Osmond & Grigg,
1978; Piazza, 2006). Borooah (2005) and Borooah
et al. (2014) analyzed inequality and Poverty in India
within the context of caste-based discrimination and
found that at least one-third of the average income
differences between Hindu and Scheduled Caste/
Schedule Tribe (Socialy deprived population groups
in India recognized by the Government of India; fur-
ther referred as SC/ST) households were due to the
unequal treatment of SC/ST or social discrimination.
Panagariya and More (2014) argued that poverty
rates among disadvantaged social groups and minori-
ties had declined faster, but they accepted that Mus-
lims have higher poverty rates, the highest in urban
areas. While investigating the correlates of poverty,
researchers also found various social, demographic
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and economic correlates. However, most scholars
have used poverty as a binary variable (poor and non-
poor) computed from household expenditure (Saun-
ders et al., 2002). Jamal (2005) argued that using
this binary variable may lose much of the informa-
tion available about the actual relationship between
expenditure and its explanatory factors. He recom-
mended that the analysis be carried out with continu-
ous expenditure variables rather than the poor or non-
poor status. Therefore, in this study, the composite
score of multidimensional poverty has been taken as
a continuous dependent variable.

Further, it can be observed that most research-
ers did not try to find correlates of multidimensional
poverty; instead, they used consumption poverty as a
dependent variable (Sumarto et al., 2007). However,
in the case of multidimensional poverty, it is neces-
sary to be careful to find correlates of poverty with-
out taking such socio-economic variable, which has
already been used to calculate multidimensional pov-
erty. Many scholars remarked that multidimensional
poverty is decreasing, but the rate of decrease is not
uniform across regions (Deaton & Dre’ze, 2002;
Jayaraj & Subramanian, 2010; Khan et al., 2016).
Alkire and Seth (2015) also found a substantial reduc-
tion in national poverty and each of its dimensions in
India, but this has not been uniform across regions,
castes, or religions. Kaibarta et al. (2022) also
assessed the multidimensional poverty of urban poor
households in an Indian City based on location, social
groupings and length of stay.

Study area

Varanasi (also known as Kashi or Banaras), with a
continuous history dating back 3000 to 5000 years,
is one of the oldest living cities in the world (Bansal
et al., 2017; Gutschow, 2006; Singh et al., 2001) and
is known as the cultural and spiritual capital of India
(Singh, 2017). It is part of Varanasi Urban Agglom-
eration (VUA) and located on the left crescent-shaped
bank of the Ganga River in the middle Ganga plain
(Fig. 1). Varanasi joined the ‘million’ class city club
in the 1991 census and in the 2011 census it records
1.2 million population. The overall population den-
sity of the town is 14,598 persons per sq. km. (i.e.,
150 persons/ha). The urban poor and slum dwellers in

Varanasi account for about 37.69% of the city popula-
tion (Jha & Tripathi, 2014).

Initially, the city was the only place of pilgrim-
age just around the temple of Lord Shiva and later
developed as a centre of religious, spiritual and edu-
cational activities. These activities have played a sig-
nificant role in shaping the economic character of this
city and it became a functional and commercial cen-
tre of eastern Uttar Pradesh and the western part of
the adjoining state of Bihar. Apart from tourism and
tourist-related activities, primary economic activities
such as horticulture (for betel leaves and mangoes)
and household industry (silk weaving and wooden
toys) make Varanasi distinct because these under-
takings have created a level of specialization such
as banarasi paan and banarasi saree. Around 11%
of the city population is engaged in manufacturing
activities while the tertiary sector accounts for 6.80%
of the total employment. The spinning and weaving
industry employs about 51% of the total industrial
workers, followed by metal industries employing 14%
of the total workforce. (CDP, 2015). The morphology
of the city shows a complex pattern with the areas
that have the most religious heritage sites also hav-
ing the most wholesale and retail outlets (CDP, 2015;
Joshi, 1965).

Methodology
Data base

The paper is based mainly on primary data from 384
households collected through an interview from 12
slums of Varanasi city. The city has been divided into
three geographical zones (Core, Middle and Outer)
based on the morphological basis (Jha et al., 2019)
and the same geographical zones have been consid-
ered for this study. These zones have been demarcated
on the basis following criteria: Street Layout and
Characteristics, Land Use as shown in Master Plan,
pattern of settlements and functional Morphology of
the city.

A total number of 78,253 slum households were
included in the population. Based on Cochran’s
(1963) formula for sample size, 384 slum house-
holds were included in the study, further divided
equally among the three geographical zones. From
each geographical zones, four slums were selected
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Fig. 1 Location of Vara-
nasi City
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Fig. 2 Location of sample
slums in Varanasi City
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from different parts of the zone as sample slums to
assess and analyze multidimensional Poverty (Fig. 2).
From every sample slum, 32 households were chosen
using systematic random sampling and every selected
household was surveyed through a structured inter-
view schedule. Informed consent was obtained from
all the respondents in the study. The data collected
from the field survey through the interview schedule

were encoded and entered in SPSS 20 software for
analysis.

Indicators of multidimensional poverty index (MPI)
Jha and Tripathi (2018) designed Multidimensional

Poverty Index for Slums based on lines of the versa-
tile Methodology of global MPI developed by Alkire

@ Springer
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Table 1 Multidimensional Poverty Index (MPI): indicators and their weights. Source: Jha and Tripathi (2018)

1. Education (Each indicator is weighted equally at 1/9)
El
E2

E3
2. Health (Each indicator is weighted equally at 1/12)
H1
H2

H3

H4

3. Standard of Living (Each indicator is weighted equally at 1/30)

L1
L2

L3

L4
L5
L6
L7
L8
L9
L10

Deprived If any school-age child is not attending school

Deprived If no household member has attended middle school
(Completed five years of schooling)

Deprived If no female household member is literate

Deprived If any child has died in the family in the last five years

Deprived If any adult family member has died from diseases in
last five years

Deprived If usual place of child delivery is home without any
formal medical assistance

Deprived If per woman have more than four children

Deprived If electricity is not the source of lightening

Deprived If the household cooks with wood charcoal of dung and
kerosene

Deprived If source of drinking water is not municipal tap or own
boring

Deprived If house is not pukka

Deprived If there is not separate kitchen in household
Deprived if only one room in house

Deprived If sewage is not connected to sewerage network
Deprived If there is no latrine in household

Deprived If no family member has land ownership

Deprived If the household does not own more than one of Motor-
bike, Bicycle, Mobile, Refrigerator, or Television

and Foster (2011), which can be readily adjusted
to incorporate alternative indicators, cut-offs and
weights that might be appropriate in local contexts.
To measure the numerous deprivations of slum dwell-
ers, 17 indicators belonging to three dimensions:
education, health and living standard have been cho-
sen (Table 1). Among 17 indicators, three belong
to education; four belong to health; and the rest ten
indicators belong to standard of living. Each per-
son is assessed based on household achievements to
determine if they are below the deprivation cut-off
in each indicator and considered non-deprived and
deprived accordingly. The deprivation of each person
is weighted by the indicator’s weight.

Further, the three dimensions mentioned above are
equally weighted, each receiving 1/3 weight. Again,
the indicators within each dimension are also equally
weighted. Thus, each indicator within education,
health and living standard dimension receives 1/9,
1/12 and 1/30 weight, respectively. Each household is
assigned a Composite Score of Poverty (C) according
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to their deprivations level in the component indica-
tors. This deprivation score, also called the Compos-
ite Score of Poverty or C of each household, is calcu-
lated by taking a weighted sum of all deprivations so
that the C for each household lies between 0 and 1. If
the score is 1, the household or person is deprived in
all component indicators; if the score is 0, the house-
hold or person is not deprived. Formally,

Ci = Wlll + W212 + -+ WdId

where Ii=1 if the household is deprived in indicator
i and Ii=0 otherwise and w; is the weight attached to
indicator i with Y1 w; = 1.

If the sum of the weighted deprivations is 33 per
cent or more of possible deprivations, the person is
considered to be multidimensionally poor. As dis-
cussed previously, the MPI combines two crucial
pieces of information. Formally, the first component
is called the multidimensional headcount ratio (H)
and is expressed as:
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=1

n

where g is the number of multidimensionally poor
people and 7 is the total population.

The second component, i.e., the intensity of Pov-
erty (A), refers to the average deprivation score of
multidimensionally poor people and can be expressed
as:

o Zi i
q

where Ci (k) is the censored deprivation score of indi-
vidual i and ¢ is the number of multidimensionally
poor people.

The MPI is the product of both and is expressed as:

MPI =H x A

Variables and statistical analysis

This study conducted one-way ANOVA and Post
hoc tests to determine the spatial nature of multidi-
mensional poverty. Further geographical zones were
entered into the regression model as spatial or loca-
tion predictors to determine the contribution of spa-
tiality to poverty. Considering previous literature and
the nature of multidimensional poverty, three inde-
pendent variables were chosen for the hierarchical
regression model. These included socio-religious cat-
egory, occupation type of the head of the household
and geographical zone as spatial/location variables.
Notably, caste and religion were considered signifi-
cant predictors in literature, but SC and ST were only
found in the Hindu religion, whereas only the Other
Backward Class (OBC) group was found in the Mus-
lim community. Therefore, caste and religion were

Table 2 Composite score and MPI for slums of Varanasi City

merged to run regression and produce valid results
and a new variable (socio-religious category) was
created. In this study, the composite score of multi-
dimensional poverty denoted by Composite Score
(Poverty) has been taken as a continuous dependent
variable, as Jamal (2005) recommended.

Results

Based on the above methodology MPI for the slums
in the different geographical zones in Varanasi city
were computed (Table 2). The overall MPI for the
slums of Varanasi City were also computed. For the
computation of MPI, at first, the composite score of
poverty was computed using seventeen indicators
belonging to three dimensions, i.e., Education, Health
and Standard of Living. Then censored compos-
ite scores followed by the Multidimensional Head-
count ratio referred to as incidence of Poverty or H
and Intensity of Poverty or A were computed using
the formula mentioned earlier in the methodology
section. The product of H and A were taken as MPI
scores.

Spatiality

Poverty is multidimensional and one dimension of
poverty is its spatiality, it can be seen that the Com-
posite score of Poverty and MPI are different for each
geographical zone. Geographical zones have been
labelled as the moderate, high and impoverished zone
by their MPI. To test if the mean composite score
(Poverty) in different geographical zones is distinct
in the population, the sample data were submitted to
SPSS-20 for computing one-way ANOVA. The data
was tested on the assumptions of one-way ANOVA,
which indicated that there were no outliers in the data

Geographical ~ Educational Health score Living Composite Multidimen- Intensity of MPI (Max-1.0)
zone score (Max- (Max-0.333) standard score score (C) sional head- Poverty (A)
0.333) (Max-0.333) (Max-1.0) count ratio (H) (Max-1.0)
(Max-1.0)

Core 0.194 0.067 0.222 0.483 0.793 0.558 0.442

Middle 0.237 0.098 0.247 0.582 0.891 0.628 0.559

Outer 0.140 0.105 0.187 0.432 0.565 0.561 0.316

Varanasi 0.190 0.090 0.219 0.499 0.755 0.585 0.441
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Table 3 Descriptive statistics of composite score of poverty

Geographical Zone Mean SD

Core 0.483 0.175
Middle 0.582 0.182
Outer 0.432 0.210

Table 4 Games Howell post hoc comparison for different geo-
graphical zone

Geographical ~ Mean difference Standard error Level of
zone signifi-
cance
Core Outer 0.051 0.024 0.092
Middle Core 0.099 0.022 0.000
Middle Outer 0.150 0.024 0.000

(box plot for values greater than 1.5 box-lengths from
the edge of the box). The dependent variable, i.e.,
Composite score (Poverty), was normally distributed
for the core, middle and outer geographical zone, as
assessed by a normal Q-Q plot. The assumption of
homogeneity of variances was violated, as assessed
by Levene’s test for equality of variances (p =0.035).
The descriptive result of the Composite Score (Pov-
erty) is shown in Table 3.

The composite score (Poverty) increased from
the outer geographical region (n=128, M=0.432,
SD =0.210), to the core geographical region (n= 128,
M=0.483, SD=0.175), followed by the middle geo-
graphical region (n=128, M=0.582, SD=0.182).
The composite score (Poverty) was found to be sta-
tistically significantly different for the different geo-
graphical regions, F(2, 381)=20.614, p<0.001.
However, since, the assumption of homogeneity of
variance was violated as assessed by Levene’s test for

equality of variances (p=0.035). Therefore, Welch
ANOVA was also computed (Field, 2013) and the
composite score (Poverty) was found to be signifi-
cantly different for the different geographical zones,
Welch’s F(2, 252.584)=20.058, p<0.001. In order to
know which two groups differ significantly Post hoc
test was computed and the results are presented in
Table 4.

There was an increase in the composite score (Pov-
erty) from the outer geographical zone (M=0.432,
SD=0.210) to the core geographical zone
M=0.483, SD=0.175), a mean increase of 0.051,
95% CI [-0.006, 0.108], which was not statistically
significant (p=0.092). Again, the composite score
(Poverty) increased from the middle geographical
zone M =0.582, SD=0.182) to the core geographi-
cal zone M =0.483, SD=0.175), a mean increase of
0.099, 95% CI [0.046, 0.151], but it was statistically
significant (p <0.001). Similarly, the composite score
(poverty) increased from the middle geographical
zone (M=0.582, SD=0.182) to the outer geographi-
cal zone M =0.432, SD=0.210), a mean increase of
0.150, 95% CI [0.092, 0.207], which was also statisti-
cally significant (p <0.001).

The composite score (Poverty) for the middle geo-
graphical zone was statistically significant from the
core and outer zone, but no significant difference was
found between the core and outer zone. The group
mean was statistically significantly different (p <0.05)
and it is concluded that Multidimensional Urban Pov-
erty varies across geographical zones.

Correlates of multidimensional poverty
One of the objectives of this study is to find out the

correlates of poverty. Multiple regression was com-
puted in order to achieve the above objective. In this

Table 5 Categorical independent variables and respective dummy variables

S1. No. Name of the categorical inde- Number of ~ Number of Name of dummy variables Reference category
pendent variable categories dummy vari-
ables

1 Socio-religious category (SRC) 3 2 1. Muslim Hindu SC & ST

2. Hindu Gen & OBC
2 Occupation (O) 3 2 1. Government Service Labour

2. Private Worker & Vendor
3 Geographical zone (GZ) 3 2 1. Core Outer

2. Middle
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study, the independent variables were polytomous, so
dummy variables were created. Table 5 shows the cat-
egorical variables, number of categories and respec-
tive dummy variables with reference categories for
this regression model. The dependent variable, i.e.,
composite score (Poverty), is continuous.

A hierarchical multiple regression was run to
determine if adding Occupation type followed by the
Geographical Zones improved the composite score
(Poverty) prediction over and above socio-religious
group alone. There was independence of residuals,
as assessed by a Durbin—Watson statistic of 1.465.
There was no multicollinearity, as evaluated by toler-
ance values greater than 0.1. The assumption of nor-
mality was met, as assessed by Q-Q Plot. The model
summary has been presented in Table 6 and complete
details on each regression model have been enlisted
in Table 7.

Table 6 Model summary of hierarchal regression model

Model 1 indicates that the socio-religious category
is one of the correlates of Multidimensional poverty
(R?=0.110, F (2,381=23.443, p<0.001). Further,
in Model 2, the addition of Occupation (Government
Service, Private worker and vendor) to the predic-
tion of poverty (composite score) led to a statistically
significant increase in R? of 0.025, F(2,379)=5.573,
p<0.001. Model 2, which used the Socio-religious
category and Occupation type to predict the com-
posite score of poverty, was statistically significant,
R’>=0.135, F(4, 379)=14.790, p<0.001, adjusted
R*=0.126 and proved the hypothesis, “Socio-reli-
gious category of the people and occupations are
major determinants or correlates of multidimensional
poverty”. In model 3, the addition of geographi-
cal zone (middle, core) to the prediction of poverty
(composite score) led to a statistically significant
increase in R? of 0.99, F(2, 377)=24.235, p<0.001.

Model R R square Adjusted R Standard error of R square change F change df1 df2 Sig. F change
square the estimate

1 0.331% 0.110 0.105 0.188253 0.110 23.443 2 381 0.000

2 0.367°  0.135 0.126 0.186033 0.025 5.573 2 379 0.004

3 0.483°¢ 0.234 0.221 0.175576 0.099 24.246 2 371 0.000

#Predictors: (Constant), Muslim, Hindu Gen & OBC

"Predictors: (Constant), Muslim, Hindu Gen & OBC, Government, Private Worker & Vendor

“Predictors: (Constant), Muslim, Hindu Gen & OBC, Government, Private Worker & Vendor, middle Zone, core Zone

4Dependent Variable: Composite score (Poverty)

Table 7 Hierarchal

) ; Variable Composite score (poverty)

multiple regression

predicting composite score Model 1 Model 2 Model 3

(poverty)

B Beta B Beta B Beta

Constant 0.463%* 0.471%* 0.372%%*
SRC Hindu Gen & OBC  —0.021 -0.040 -0.018 —0.033  —-0.044 —0.082
SRC Muslim 0.140**  0.318 0.140**  0.318 0.135%* 0.306
O Private & Vendor —0.002 -0.004  0.036 0.087
O Government -0.134*  -0.160 —-0.110* —-0.131
GZ Middle 0.155%* 0.368
GZ Core 0.112%* 0.265
R? 0.135 0.234
F 23.443%* 14.790%* 19.151%*
R? change 0.025 0.099

N=384; *p<0.05; F change 23 443 5.573% 24.246%%

##p <0.001
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In this final model, the socio-religious group (Mus-
lim, Hindu Gen & OBC), Occupation type (Govern-
ment service, Private service. worker and vendor) and
Geographical Zone (core, middle) to predict com-
posite score (Poverty) were statistically significant,
R*=0.234, F(6, 377)=19.151, p<0.001, adjusted
R*=0.221.

In Table 7, the coefficients (B) represent the dif-
ference in the composite score (Poverty) of being in
the specified and the reference categories. On observ-
ing at B coefficient in Model 3, it can be seen that the
socio-religious category is still a significant predic-
tor, giving an increase of 0.135 points in the com-
posite score for every household belonging to the
Muslim socio-religious category than that of Hindu
SC & ST category. There is no statistically signifi-
cant evidence that Hindu General & OBC category
achieves different composite scores (Poverty) to the
reference category, i.e., Hindu SC & ST. The B coef-
ficients for the occupation dummy variables can be
interpreted similarly. There is no statistically signifi-
cant evidence that the Private worker & vendor cat-
egories achieve different composite scores (Poverty)
to Labour. However, Government service employ-
ees score significantly lower (—0.110) than Labour
(» <0.05). Looking at the significant B coefficients, it
is clear that both geographical zone dummy variables
contribute statistically significantly to the composite
score (p<0.001). The final model indicates that mid-
dle and core geographical zone residents score more
than outer zone residents. It is crucial to note that a
high composite score reflects high deprivation results
in poverty and vice-versa. Hence, it can be concluded
from this model that households in the middle zone,
having no one in government services and belong-
ing to the Muslim socio-religious category, score the
highest composite score leading to the highest depri-
vation and experiencing extreme poverty.

The regression equation for this study from regres-
sion model 3 can be expressed in the following form:

Predicted Composite Score(Poverty)
=By + (B} X SRG_Muslim) + (B, x O_Government service)
+ (B3 x GZ_Middle) + (B4 X GZ_Core)

where B, is the intercept (constant) and B; to B,
are the slope coefficients (one for each variable).
By substituting the values for B, through B,, Com-
posite Score (Poverty) can be predicted given that
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any household belongs to a specific socio-religious
category, is engaged in a specific Occupation and is
located in a specific geographical zone.

Composite score(Poverty) =0.372 + 0.135 X Muslim — 0.110
X Government service + 0.155

X Middle zone + 0.112 X Core zone

The above regression equation can predict a house-
hold’s composite score from a specific background.
There are five terms in the regression equation for
Model 3. There is the intercept, which is constant for
all cases and there are nine regression coefficients: a
coefficient for the Socio-religious group, a coefficient
for occupation and two coefficients for the geographi-
cal zone, one for each zone. The intercept (constant)
is 0.372 and this is the predicted composite score for
the reference group, which is Socio-religious cate-
gory=0 (Hindu SC & ST), Occupation=0 (Labour)
and Geographical zone=0 (Outer Zone). The coef-
ficients represent the difference in composite scores
between being in the specified category and being in
the reference category. There is no interaction term,
so the model assumes the effect of occupation and
geographical zone are the same for all groups of the
socio-religious category. For example, households
located in the middle zone scored 0.155 higher than
the outer zone regardless of the socio-religious cate-
gory or occupation. Equally, whatever the geographi-
cal zone or socio-religious category, households with
government service employees scored 0.110 less than
any other household engaged in another job sector.

Table 8 shows that households in the Mus-
lim socio-religious category worked as Labour or
engaged in private service and vending and located in
the middle zone scored the highest composite score
and experienced the highest level of multidimen-
sional poverty. By contrast, households belonging to
either Hindu SC & ST or Hindu Gen & OBC socio-
religious category, engaged in government service
and located in the outer zone score the lowest com-
posite score and experience the lowest level of multi-
dimensional poverty.

Muslims, who resides in the middle zone and
work as a labourer and private worker, were experi-
encing the highest level of multidimensional poverty.
These slum dwellers were Muslim migrants and did
not hold valid city citizenship documents; therefore,
were lacking government support. Further, the slum
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Table 8 Predictive composite scores of multidimensional poverty

Socio-religious category Occupation

Geographical zone Regression equation

Predicted
composite
score

Remark

SRC Hindu SC & ST O Labour Or O private ~ Outer
or SRC Hindu Gen & worker & vendor
OBC
Middle
Core
O government service Outer
Middle
Core
SRG Muslim O labour Or O private Outer

worker & vendor

Middle

Core

O Government Service Outer

Middle

Core

=0.372+0.135x0-0. 0.372
110x0+0.155x0+0
112x0

=0.372+0.135x0-0.  0.527
110x0+40.155x1+0
112x0

=0.372+0.135x0-0. 0.484
110x0+0.155x0+0
112x1

=0.372+0.135x0-0. 0.262
110X 1+0.155x0+0
112x0

=0.372+0.135x0-0. 0.417
110x140.155x14+0
.112x0

=0.372+0.135x0-0.  0.374
110x1+40.155x0+0
112x1

=0.3724+0.135x1-0.  0.507
110x040.155x0+0
.112x0

=0.372+0.135%x1-0. 0.662
110x0+0.155%x1+0
112x0

=0.372+0.135x1-0.  0.619
110x0+40.155x0+0
112x1

=0.372+0.135x1-0.  0.397
110x1+40.155x0+0
.112x0

=0.372+0.135x1-0. 0.552
110X 1+0.155%x1+0
112x0

=0.372+0.135x1-0.  0.509

110x140.155x0+0
112x1

Reference group

Least poor

Most poor

dwellers are generally on private land without proper
civic facilities. They did not develop household facili-
ties such as toilet or kitchen because they are migrants
and lives in tented houses. The educational attain-
ments and indicators related to women were also low
due to their orthodox religious beliefs. Therefore, it
can be said that the segregation of resources, the
socio-religious fabric and no access to government
schemes are also the root cause of deprivation.

Discussion

The results presented a set of correlates of Multidi-
mensional Poverty, including socio-religious cate-
gory, occupation type and location of the settlement
in the city. The study found that the socio-religious
category is one of the significant correlates or pre-
dictors of poverty. This finding advocates that social
geographies of Indian cities are shaped by socio-
religious fabric. Similar findings have been reported
by various scholars in India (Meenakshi et al., 2000;
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Mukim & Panagariya, 2012; Panagariya & More,
2014 Sundaram & Tendulkar, 2003; Thorat & Dubey,
2012). In other parts of the world, social/religious/
racial determinants of poverty have been found in
various studies, such as Osmond and Grigg (1978)
found race as an important predictor of poverty.

This study also established the relationship
between poverty and different socio-religious groups.
The study suggests that Muslims are more deprived
and poor than Hindus in slums. This deprivation can
be seen across the dimensions and indicators. In Mus-
lim community dominated slums, overall educational
attainment is unsatisfactory and worst in females.
Majority of muslim slum dwellers were migrants set-
tle on private land with inadequate civic facilities and
lacking household amenities. The health score were
these muslim households was also very low because
they do not believe in family planning due to reli-
gious beliefs and illiteracy. Panagariya and More
(2014) also accepted that Muslims have higher pov-
erty rates, which are highest in urban areas. Alkire
and Seth (2015) found a substantial reduction in
national Poverty (MPI) and each of its dimensions but
also remarked that Muslims, the poorest subgroup in
1999, saw the most negligible reduction in poverty
among religious groups.

Although some researchers found that distribu-
tional and deprivation outcomes are not ‘caste blind’
in general, therefore, households from the Scheduled
Castes were more likely to be poor, than high-caste
Hindu households (Borooah, 2005; Borooah et al.,
2014). However, this study found no significant dif-
ference between Hindu general & OBC households
and Hindu SC & ST households and therefore rejects
the above argument. The main reason behind this
finding can be identified as the similar living condi-
tion in slums, similar opportunities and challenges
and similar economic status. This also indicates
that social status is not as much powerful regarding
economic and living standard as compared to rural
areas. This is also a notable fact that SC & ST dwell-
ers, usually resides in the core city, have more work
opportunities than other castes and majority of them
are employed in municipal corporation as sweep-
ers and get more salary than their counterpart OBC
& General slum dwellers, who are engaged in infor-
mal sector. This finding is similar to the argument of
Panagariya and More (2014) that poverty rates among
disadvantaged social groups are reducing faster, so
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the gap in poverty rates between them and the general
population has declined.

The study further establishes that government
service and poverty are negatively correlated. The
main reason is the fixed salary and social security
provided by the government. The households where
at least one member was working in government and
formal sector earns handsome salary than their coun-
terparts working in informal sector. It is notable that
gap between government/formal and informal sector
is very huge regarding nature of Job, working hour,
work condition, social security, medical and other
benefits. Many researchers (Bhaumik & Chakrabarty,
2010; Gang et al., 2002; Hashmi et al., 2008; Sab-
oor, et al., 2015) report similar conclusions that types
of occupation or nature of job determine the house-
hold’s poverty level. Osmond and Grigg (1978), in
their study in USA, found that the family head’s cur-
rent employment status while Jamal (2005) found that
occupation type or employment is the primary deter-
minant of poverty in Pakistan. However, it is notable
that this study did not find a significant negative cor-
relation between poverty and private worker & ven-
dor compared to Labour. This finding indicates that
private workers and vendors in the city are not getting
social security and sufficient income to afford a good
lifestyle, so there is a need for skill development and
social security schemes for slum dwellers.

The locational and spatial effect has also been
instrumental in poverty determination (Ong &
Miller, 2005; Spinks, 2001). In the present study,
spatial variation can be seen very clearly across the
geographical zones. The slum households located in
middle zone were experiencing more multiple depri-
vation and poverty than core and outer zones. How-
ever, ANOVA test did not significantly differentiate
poverty in core and outer zone, but final regression
model differentiated each zone and reveals that resi-
dents of outer zone were less deprived. The location
is not only important regarding their resident popu-
lation, their connectivity to city center and working
areas but also determine the polarization, segregation
and distribution of resources. The present study also
reveals very important fact that the location of slum
households is the most dominant predictor of pov-
erty. Many researchers focus on how spatial arrange-
ments operate as constitutive dimensions of social
phenomena and determine the level of poverty and
inequality (Harvey, 1993; Smith, 1994; Soja, 2019).
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Spinks (2001) found that micro-level spatial inequal-
ity has facilitated polarisation between different urban
spaces and their inhabitants in African cities. Similar
findings were reported by other researchers (Poon,
2009; Kaibarta, 2022; Zhou et al., 2022) and their
researches revealed that households in less endowed
zones are more likely to be poor than those in more
endowed regions. Researchers also found spatial vari-
ation in urban socio-economic inequality in different
cities (Gounder, 2013). Thus, the findings of present
study also re-establishes that the location of the slum
household in the city is one of the most important
predictors of multidimensional poverty.

Conclusion

The study presents a model for spatial and multi-
dimensional deprivation in slums of Indian cities,
which will be helpful to predict multidimensional
poverty of slum households. The statistical analysis
presents a regression model for Varanasi to predict
multidimensional poverty and this model reveals that
Muslim slum dwellers in the middle zone, employed
as laborers and private workers, face the highest mul-
tidimensional poverty, whereas Hindu SC & ST or
Hindu Gen & OBC households working in govern-
ment service and located in the outer zone have the
lowest multidimensional poverty levels. Inequality
within the city is determined by the spatial polariza-
tion or segregation of resources, which plays a cru-
cial role in shaping unequal distributions. The present
study re-establishes the significance of location factor
and space in poverty analysis and concludes that that
socio-religious category, occupation and geographical
location are significant determinants or at least cor-
relates of poverty.
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