Journal of Conflict Resolution

http://jcr.sagepub.com/

Households amid Urban Riots: The Economic Consequences of Civil
Violence in India
Jaideep Gupte, Patricia Justino and Jean-Pierre Tranchant
Journal of Conflict Resolution published online 1 September 2014
DOI: 10.1177/0022002714547886

The online version of this article can be found at:
http://jcr.sagepub.com/content/early/2014/09/01/0022002714547886

Published by:
©SAGE

http://www.sagepublications.com

On behalf of:
Peace Science Society (International)

Additional services and information for Journal of Conflict Resolution can be found at:
Email Alerts: http://jcr.sagepub.com/cgi/alerts
Subscriptions: http://jcr.sagepub.com/subscriptions
Reprints: http://www.sagepub.com/journalsReprints.nav

Permissions: http://www.sagepub.com/journalsPermissions.nav

>> OnlineFirst Version of Record - Sep 1, 2014
What is This?

Downloaded from jcr.sagepub.com by guest on October 16, 2014


http://jcr.sagepub.com/
http://jcr.sagepub.com/content/early/2014/09/01/0022002714547886
http://www.sagepublications.com
http://pss.la.psu.edu/
http://jcr.sagepub.com/cgi/alerts
http://jcr.sagepub.com/subscriptions
http://www.sagepub.com/journalsReprints.nav
http://www.sagepub.com/journalsPermissions.nav
http://jcr.sagepub.com/content/early/2014/09/01/0022002714547886.full.pdf
http://online.sagepub.com/site/sphelp/vorhelp.xhtml
http://jcr.sagepub.com/
http://jcr.sagepub.com/

Journal of Conflict Resolution
1-29
© The Author(s) 2014

H Ou Se hOIdS am id U rban Reprints and permission:

sagepub.com/journalsPermissions.nav

RiOtS: The Economic DOI: 10.1177/00220027 14547886

jer.sagepub.com

Consequences of Civil ®SAGE
Violence in India

Jaideep Gupte', Patricia Justino’,
and Jean-Pierre Tranchant'

Abstract

This article analyzes the determinants of household riot victimization, based on a
unique survey collected in Maharashtra, India. We adopt a multilevel framework
that allows neighborhood and district effects to randomly influence household
victimization. We find that economically vulnerable households, households living
close to unsafe areas, and shop owners are more prone to suffer from riots.
Households report lower levels of victimization if they live further from police
stations, exhibit higher levels of trust, are able to rely on outside help in times of
need and accumulate savings. The results show, however, a double-edge effect of
income: wealthier households are better able to cope with the adverse effects of
riots, but also have more to lose from riots and are more exposed to opportunistic
violence and looting. We find further that affluent neighborhoods and neighbor-
hoods where caste fragmentation is high report higher levels of victimization.
Neighborhoods with stronger social interactions experience lower levels of
victimization.
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2 Journal of Conflict Resolution

This article presents the results of a new study on the micro-foundations of rioting in
India. The main objective of this article is to identify empirically the determinants of
riot victimization at the household level within a multilevel framework that takes
into consideration how the dynamics of rioting play out at the neighborhood and dis-
trict levels. The analysis is based on a unique data set collected by the authors from
March to May 2010 in the state of Maharashtra, which has experienced some of the
highest rates of communal violence in India since the early 1980s. To the best of our
knowledge, this is one of the first studies to empirically analyze the determinants of
household victimization in the context of communal riots."

While much has been written about riots in India, there is very limited under-
standing of how individuals and their families experience communal violence. Epi-
sodes of rioting are commonplace in India and their causes are addressed in a large
and well-established literature (e.g., Tambiah 1996; Brass 1997; Varshney 2002;
Wilkinson 2004). Much of this literature has focused on the analysis of the causes
of riots at the national, state, and city levels.? This literature is more limited in
accounting for the consequences of riots and explaining how, within the same com-
munities, different people may experience riots in different ways. There is some lit-
erature on the individual experiences of violence in India (for instance, Chatterji and
Mehta 2007). This literature is, however, based on small-sample case studies that do
not necessarily allow for systematic aggregation of individual experiences of vio-
lence to be made. Using a unique household survey conducted in the state of Mahar-
ashtra, we are able to document the extent of household victimization in areas
endemically affected by riots and uncover its main determinants. Importantly, we are
able to do so by inserting the micro level into wider neighborhood and district con-
texts thanks to the particular way in which our household sample is clustered within
neighborhoods and districts across Maharashtra.

The article is organized as follows: The second section introduces the Maharash-
tra Household Longitudinal Survey on Civil Violence and Welfare (MHLS), which
provides the basis for the empirical study. In the third section, we review the existing
literature on riots in India in order to derive testable hypotheses on the determinants
of riot victimization among households and neighborhoods. The econometric anal-
ysis of the determinants of riot victimization is discussed in the fourth section. The
fifth section presents our conclusions.

The Maharashtra Household Longitudinal Study on Civil
Violence and Welfare
Data Set and Sampling Design

From March to May 2010, the authors conducted a unique household survey across
the Indian state of Maharashtra with the objective of obtaining fine-grained data on
social, economic, and political processes associated with the persistence of commu-
nal violence, and its consequences on individuals, households, and neighborhoods.
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Sampled districts
Non sampled districts

Figure |. Sampled districts in the Maharashtra longitudinal survey of civil violence and
welfare.

Given the high concentration of rioting in certain areas in Maharashtra, and the fact
that riots are (despite constant and regular) a rare event in such a large state, we
adopted a clustered sample approach. To assess the prevalence of rioting within the
state, we used district-level data from the Maharashtra Police on Jatiya Dangali,
which captures significant riots reported at the police station level for which a First
Information Report was filed with a magistrate. These data, spanning the period
2003 to 2008, contain information on the number of communal riots for each district.
The data set reports 75 communal riots in 2006, 74 in 2007, and 186 in 2008 in
Mabharashtra. We discounted these data progressively by an order of one-sixth, so
that six riots in 2003 equated to one riot in 2008. This was done in order to give a
greater weight to more recent riots, thereby ensuring a good recall by those inter-
viewed, while simultaneously allowing us to capture the short- and medium-term
effects of violence. The average of the discounted data was ordered and clustered
into three categories of districts: high-rioting district (5 or more riots per district per
year), medium-rioting district (more than 1.5 and less than 5 riots per district per
year), and low-rioting district (fewer than 1.5 riots per district per year). We took
into account the geographical spread of the state by choosing districts that repre-
sented all administrative regions and sociocultural divisions in the sample. Our final
selection included three districts in each of the medium- and low-rioting clusters,
and four in the high-rioting cluster. Figure 1 displays the location of sampled dis-
tricts within the state, and Table 1 lists the number of sites within each sampled
towns and districts.
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Table I. Localization of the Forty-five Neighborhoods in the Maharashtra Longitudinal
Household Survey (MHLS).

District Town Number of neighborhoods  Randomization level®
Buldhana Buldhana City 2 City

Buldhana Jalgaon/Jamod 2 City

Buldhana Khamgaon | City

Dhule Dhule City 5 Areas of interest
Kolhapur Ichalkaraniji | City

Kolhapur Haathkangde | City

Nanded Nanded City 5 Areas of interest
Nashik Malegaon 5 City

Osmanabad Osmanabad City 5 City

Sangli Miraj 3 Areas of interest
Mumbai Mumbai 5 Areas of interest
Thane Thane City 5 Areas of interest
Yavatmal Pusad 3 City

Yavatmal Digras 2 City

*The randomization level refers to the sampling frame used to select neighborhoods. “City” means that
neighborhoods were randomly selected from the whole range of voting booths in the city. “Areas of
interest” indicates that the neighborhoods were randomly selected from a narrower range of voting
booths corresponding to urban areas of interest.

For each of the ten districts, we then collected information on the precise location
of instances of rioting in the twenty-four months prior to fieldwork (2008 to 2010).
We did this through a scan of print and online media, as well as key informant inter-
views conducted between December 2009 and March 2010 with city and state police
of varying ranks and responsibilities. The aim of this exercise was to identify urban
areas where violence took place (our sites of interest) within which to sample neigh-
borhoods. In some instances, we were able to narrow down these urban areas to par-
ticular neighborhoods. In others, the information we were able to gather was less
specific and we could not identify sites of interest below the town level. Forty-
five neighborhoods were then randomly selected from the list of voting-booth zones
obtained from the Maharashtra Election Commission corresponding to our sites of
interest. Each voting booth zone covers roughly 250 households. In spatial terms,
this was equivalent to an area which our research team could walk the perimeter
in approximately twenty minutes. It follows that neighborhoods in this study are
very small units, which had two main advantages. First, it allowed us to generate
reliable neighborhood-level variables by aggregating a relatively small number of
individual answers. Second, it ensured sufficient variability in the degree of expo-
sure to rioting across neighborhoods, while reducing the risk that we missed relevant
neighborhoods altogether.

The last stage of our sampling strategy consisted in randomly selecting house-
holds to be interviewed in each of our forty-five neighborhoods. Our field team
began household interviews simultaneously from a set of starting points agreed

Downloaded from jcr.sagepub.com by guest on October 16, 2014


http://jcr.sagepub.com/

Gupte et al. 5

a priori,” working their way inward in each neighborhood making sure that no
alley, no matter how small, was missed by following a right-turn pattern at all junc-
tions. Households were randomly selected through a skip pattern, which for larger
neighborhoods was seven or eight households, while for smaller neighborhoods
was four to five households. This ensured a sample of twenty-four to twenty-
five households per neighborhood, corresponding to a sample of around 10 percent
of all households in each neighborhood. This multistaged sampling framework
resulted in a final sample of 1,089 households, spread across forty-five neighbor-
hoods, in ten districts in Maharashtra.

Household Characteristics and Exposure to Rioting

The MHLS survey was in part designed to provide detailed information on house-
hold characteristics associated with exposure to violence. During the sampling stage
of the project, it became apparent that most of the sites we identified as affected by
riots were located in informal settlements (slums) or in low-income neighborhoods.
Summary statistics of main household and neighborhood characteristics are pro-
vided in the Online Supplementary Material.

The MHLS questionnaire includes several questions aimed at capturing the expo-
sure of households to various forms of violence. One of the important questions we
asked was the following: in the last twelve months, have any of the following events
occurred in your neighborhood? The events include riots (dangali), stone pelting,
public fights, damages of buses or public property, burning of tires, throwing of bot-
tles, police harassment, agitation related to strike (bandh), and violence during cur-
few. While some of these events may be considered as modalities of violence within
the context of a riot (e.g., stone pelting or damages to property), they may also occur
separately. Riots are the most common form of violence reported (Table 2): one in
every five households reported at least one riot in their neighborhood. This is fol-
lowed by public fights and stone pelting. Curfew follows closely (14 percent), indi-
cating that the majority of riots in the sample were severe enough to induce the state
to resort to this coercive means of restoring law and order.

As is evident from Table 2, most forms of violence are heavily concentrated in
some neighborhoods. The median proportion of households reporting at least one
public fight is 12 percent (8 percent for riot or stone pelting), well below the average
proportion of exposed households. Evidence of neighborhood effects is further
demonstrated by the analysis of variance of a fully unconditional random effect
model (reported in the last column of Table 2) in which the exposure to violence
of household # living in neighborhood # is explained by a neighborhood-specific
effect and a disturbance term.* The proportion of variance explained by the neigh-
borhood random effect is 56 percent for riots, around 40 percent for curfews and
stone pelting, and 29 percent for public fights. These results suggest that household
exposure to riots needs to be understood within the wider neighborhood context. We
return to this point in the empirical analysis in the fourth section.
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Table 2. Household Exposure to Various Forms of Civil Violence.

Mean Median per Max per Intra-neighborhood

Type of violence (SE) neighborhood neighborhood correlation

Riot 0.22 0.08 0.92 0.56
(0.41)

Stone pelting 0.18 0.08 0.8 0.44
(0.39)

Public fight 0.20 0.12 0.88 0.29
(0.40)

Curfew 0.14 0 0.72 0.39
(0.35)

Tire burning 0.08 0 0.62 0.25
(0.27)

Bandh 0.08 0.04 0.44 0.14
(0.27)

Bottle throwing 0.07 0 0.43 0.15
(0.25)

Damage to property  0.06 0 0.44 0.18
(0.24)

Police harassment 0.03 0 0.24 0.07
(0.16)

Note: Exposure to each type of violence is defined as respondents reporting at least one occurrence.

We captured levels of household victimization using the following question: in
the past twenty-four months, did you or any member of the household experience
a riot? Overall, 136 households report being victims of riots (12.5 percent of the
sample). Among those 136 households, 26 suffered direct effects such as injuries and
physical damage. These households declared that they needed extra money to cope
with the riot, either because of damages done to their house or shops or because of
medical treatment of injuries. The remaining households report more indirect
effects, which may include loss of workdays, isolation due to curfew, and increase
in insecurity and fear, among others.

Determinants of Riot Victimization in India

Communal violence, as ethnic riots are usually labeled in South Asian studies, refers
to riots in which two communities (most often, but not always, Hindus and Muslims
in the case of India) clash and engage in killing, maiming, looting, arson, and
destruction. The single most important episode of communal violence in India took
place during the partition of the erstwhile British Empire in which millions of
Hindus, Sikhs, and Muslims were killed or forced to move across the newly created
border. Other notorious examples were the series of riots across Indian states after
the destruction of the Ayodhya mosque in 1992, the wave of violence in Gujarat
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in 2002 and the 1984 anti-Sikh riots in Delhi. Almost 40,000 people have been killed
or injured in communal riots in India since Independence (Wilkinson 2004).
Interestingly, there is very limited literature on the impact of rioting in India on
levels and patterns of victimization. The existing literature on causes of riots pro-
vides, however, helpful suggestions about potential correlates of victimization.
We are able to hypothesize that at least three important factors may be associated
with levels of violence victimization: presence of visible assets or wealth that may
attract opportunistic violence, levels of social integration and civic engagement
within neighborhoods, and group identity. In addition, our own sampling exercise
discussed in the previous section showed us that, at least in Maharashtra, areas of
recurrent and persistent rioting are areas of acute economic vulnerability.

Vulnerability to Opportunistic Violence

It is a well-known fact that looting, arson, and destruction of private and public prop-
erty are among the main modalities of riots (Tambiah 2005). Even though the crowd
may have originally gathered peacefully, it is easy for criminal elements to infiltrate
it, or merely exploit the confusion caused by the gathering. Some of these activities
may be for personal gain. We hypothesize that households displaying visible assets
may be at greater risk because of direct targeting or opportunistic looting. Opportu-
nistic looting and other criminal activities have been reported in many instances of
communal violence, whereby individuals exploit the riot to settle scores, enrich
themselves, or get rid of business rivals (Engineer 1991; Wilkinson 2004). Similar
evidence has been provided in Kalyvas (2006) in contexts of civil wars.

In impoverished urban areas, visible assets are relatively uncommon but are also
particularly exposed to onlookers. We consider as an indicator of visible wealth the
share of the following variables in any given household in our sample reports own-
ing: dish TV, car, scooter, motorcycle, air-conditioning device, and generator. All
these assets are likely to be readily visible from the outside. In addition to visible
assets, other possible attributes that may place households at risk of opportunistic
violence or direct targeting include the size of the dwelling, the material with which
it is built (concrete or brick rather than less permanent materials), and whether the
household owns a shop.” The presence of visible assets may increase the likelihood
of opportunistic violence depending on the relative safety of the area where the
household lives. Therefore, we consider as additional indicators of potential expo-
sure to opportunistic violence the (self-reported) presence of unsafe places in the
proximity of households and the distance of the household to the local police station.

Social Integration and Civic Engagement

In low-income areas of India, there are few means available to households to protect
themselves. Physical protection is likely to be more effective when households are
able to draw on strong integration within local social networks (Mitra and Ray

Downloaded from jcr.sagepub.com by guest on October 16, 2014


http://jcr.sagepub.com/

8 Journal of Conflict Resolution

2014). Social networks convey information about upcoming trouble and allow peo-
ple to take steps to protect their family and assets (Tambiah 1996). Once the riot
starts, households with high levels of social capital may be able to receive aid from
the community (e.g., food). In addition, households that know their local police and
other important actors in the community are likely to be protected, as their houses
and people will be watched by police or their neighbors. Varshney (2002) has
famously argued that the strength of civic life is one of the main factors preventing
the outbreak of violence between Hindu and Muslim communities, while Jha (2013)
has shown that Hindus and Muslims will coexist peacefully if they complement each
other in terms of local productive activities. Taken together, these findings suggest
that strong community ties may act as a protection against individual victimization.

The indicators we use to account for household integration within local networks
include the number of years a given household has lived in its current dwelling,
whether respondents trust their neighbors and the local police, whether they nor-
mally ask for community support in times of need, and whether they are engaged
in local civic life through membership in various local organizations.

Group Identity

One of the predominant form of riots in India is known as jatiya dangali, that is,
communal riots. The term conveys the idea that violence occurs between identifiable
groups. The hierarchical structure of our data offers a unique possibility to model
identity markers at the household and neighborhood levels. The MHLS question-
naire includes questions on religious affiliations, caste, and language. We matched
each caste with its corresponding status (scheduled castes, scheduled tribes, Other
Backward Class, and forward castes others).® We also distinguish between native
Marathi speakers and native speakers of other languages (predominantly Hindi and
Urdu) in order to capture potential victimization of interstate migrants (Hansen
1996). At the community level, we computed fractionalization and polarization
indexes of local castes (jati), larger caste grouping, and religious affiliations. The

, =
fractionalization index is given by F/ =1 — (pj2
J=1
line under study, J is the total number of categories within the identity line, # is the
neighborhood, and p; is the share of households with identity j in neighborhood #.
Per the definition of Montalvo and Reynal-Querol (2005), the polarization index

=
is given by P/, = 4 pr(l - pj)-
=1

) , where j represents the identity

Economic Vulnerability

We discussed earlier how households in possession of visible wealth or assets may
be vulnerable to being targeted by rioters through direct attacks and looting.
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However, households that are economically better off may also be in a stronger posi-
tion to cope with the adverse effects of riots, because they may be able to move their
resources elsewhere, flee areas of violence more easily, have access to larger safety
nets or buy protection (Levitt 1999). Riots that result in physical damage, injuries,
forgone income, or restricted access to markets and services are likely to affect the
poor disproportionately. Curfews that follow severe riots may be particularly rele-
vant because they restrict the access of households to work, markets, shops, and
essential services. Again, the poor are likely to experience more acutely these
adverse effects.’

Households with a secure stream of income, comfortable savings, and not reliant
on informal arrangements to get by may be more apt to navigate through the period
of rioting.

We use several indicators to capture economic vulnerability, notably monthly
income per capita, possession of nonvisible assets, reliance on community assis-
tance, capacity to use savings in case of need, and whether the household relies
on daily wages. In addition, we make use of a subjective valuation of each house-
hold’s welfare with respect to others in the neighborhood.

Econometric Analysis of Determinants of Victimization
Empirical Specification

We discussed in Household Characteristics and Exposure to Rioting subsection how
exposure to violence is shaped by neighborhood effects. Therefore, we model the
probability that a specific household is affected by a riot using a three-level logit
model with random intercepts representing unobservable heterogeneity at both
neighborhood and district levels. The hierarchical structure of our data is such that
households are nested within neighborhoods, which themselves are nested within
districts. We will refer to “level 1” as the household level, “level 2 as the neigh-
borhood level, and “level 3™ as the district level. The multilevel modeling we use
allows us to correct the estimations for the dependence of residuals that arise
between households within neighborhoods and between neighborhoods within
districts.

Any model with random effects requires that the unobservable components are
uncorrelated with the covariates. In the context of a three-level model, this means
that the random effects associated with both neighborhood and district levels are
uncorrelated with the covariates. This assumption does not hold if there exist omitted
factors at level 2 or 3 that are correlated with level 1 covariates. Such a situation is
very likely in most applications, so that researchers usually prefer to use a fixed
effect (or within) estimator whose consistency does not hinge on this assumption.
However, the fixed effect estimator comes at the cost of increased variance of the
coefficients (since they fully parameterize the unobserved heterogeneity), the
impossibility to explore the effects of contexts (which are key to our article), and
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to produce out-of-sample predictions (Gelman and Hill 2012). Mundlak (1978) and
Chamberlain (1980) have developed an approach that allows us to avoid using fixed
effects while ensuring that the random effects model is valid. This consists in
approximating the unobservable heterogeneity at level L by means of covariates
at level L — 1. The three-level logit model with random intercepts can then be writ-
ten as

1ogitPr(Vima = Uxind: Cpas Ca) = BiXmma + BaWoa + Coa + Ca + €mmas (1)
with
Cnd = u'nd + efnd; (2)

Ca = W +Y1¥a + YV2Wa, (3)

where vy, takes the value 1 if household % in neighborhood # in district d reports
having been affected directly or indirectly by a riot. To simplify the notation, x;,,
represents the vector of household-level covariates, and w,, denotes the set of
neighborhood-level variables. The random intercepts at the neighborhood level,
C.» and district level, {;, are assumed to be a function of the within-
neighborhood means of household covariates (¥,;) and the within-district means
of neighborhood covariates (w,), respectively. Conditional on these means, the ran-
dom intercept at each level (1,,; and ;) is assumed to be independent of the covari-
ates  (Xpnqg and wyy). The Mundlak—Chamberlain approach is powerful, yet
underused. By partitioning the unobserved heterogeneity into within and between
components, it considerably weakens the assumption that random effects must be
uncorrelated with the covariates. The correlation between a level L random effect
(e.g.,C,,) and alevel L — 1 covariate (e.g., X;,,4) must operate through the covariance
between the group mean (X,;) and the random effect (Raudenbusch and Bryk 2002,
262). By controlling for the group means, we remove by construction the correlation
between the level 1 covariates and the level 2 random effect and hence restore the
validity of the random effect estimation (Mundlak 1978). The coefficients associated
with the group means (0, y;, and y,) are interpreted as contextual effects, which are
the difference between the within and between effects of a given variable.® It is
worth noting that the Hausman test, which is used in the literature to choose between
fixed and random effects, is fundamentally a test that 0, v, and vy, are equal to zero.
In that case, contextual effects are absent and both estimators are equivalent. If con-
textual effects are statistically nonnull, one needs to include them as additional cov-
ariates to restore the equivalence between fixed and random effects (see, e.g.,
Mundlak 1978; Snyders and Berkhof 2008).°

Level | Estimation Results

We begin by estimating a baseline model like in equation (1) without neighborhood-
level predictors (w,;) and without the within-neighborhood means (i.e., X,s). The
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results are displayed in the first three columns of Table 3. We then introduce the
contextual effects in columns (4) to (6).

Vulnerability to opportunistic violence: the coefficient associated with the dis-

tance of the household from the police station is negative and, in most speci-
fications, significant at the 10 percent level. The point estimate is substantial
based on column (2), ceteris paribus, an increase in distance from five to
twenty minutes (the interquartile of the distribution of distance to the police
station) translates into a reduction of 38 percent in the odds of victimization. '
The presence of unsafe areas near the household is statistically significant (at
the 1 percent level) and with the hypothesized positive sign. Its associated odds
ratio is also very large: the odds of victimization for households that report liv-
ing close to unsafe places is 2.8 times higher than for households that do not
report the presence of unsafe places nearby (based on column 6). Households
that own a shop are between 2.6 and 3.3 times more likely to report riot victi-
mization than others, depending on the specification. The magnitudes of
both the point estimate and the standard errors are very stable across specifica-
tions. The index of visible assets, the size of the house, and the other variables
we expected to be associated with household vulnerability to opportunistic
violence during riots do not appear significantly related to household
victimization.''
The positive association between household victimization and living in the
vicinity of unsafe areas is not surprising, given the many accounts in the liter-
ature on how riots follow predetermined paths and tend to take place in notor-
ious areas such as markets and near temples (Brass 1997, 2003). This result
may, therefore, be explained by the location of some households in the sample
near some of these places.'” The positive association we find between house-
hold victimization and the distance of the household from the police station is
more notable, as it appears to intuitively describe a contradictory relationship
between policing and the incidence of riots. This finding must, however, be
interpreted in light of the complex relationships through which the Indian state
is known to “govern” riots (Chatterji and Mehta 2007, 37). The maintenance
of public order in India has historically been a manifestation of political inter-
ests (Wilkinson 2004), where in many occasions the occurrence of riots is often
accompanied by the state’s unwillingness to deploy the police to take preven-
tative actions.' There are also several accounts of direct collusion of the police
with rioters along ethnic groupings (Das 2004; Wilkinson 2004). Our results
complement this literature by showing a direct association between closeness
to police stations and household riot victimization.

Social integration and civic engagement: the results in Table 3 show that trust
toward neighbors is associated with a 41 to 48 percent reduction in the odds
of victimization (depending on the specification), an impact significant at the
10 percent level. Trust in police is not statistically significant. Households that
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Table 3. Coefficients of a Three-level Logit with Neighborhood and District Random Effects.

Household riot victimization

Downloaded from jcr.sagepub.com by guest on October 16, 2014

Dependent variable n 2) 3) 4 (5) 6)
Level | variables
Visible assets index —0.817 —0.227 0.016 —0.093 —0.160
(0.862) (0.783) (0.771) (0.786) (0.776)
Distance to police —0.030 —0.035%*  —0.042*%*  —0.057** —0.044** —0.013
station (0.019) 0.019) (0.019) (0.021) (0.019) (0.014)
Size of house (mz) 0.001 0.001 0.001 0.001 0.001
(0.001) (0.0001)  (0.001) (0.001) (0.001)
Permanent —0.365 —0.284 —0.283 —0.383 —0.391
materials (0.321) ©.311) (0.310) (0.323) (0.315)
Presence of unsafe |.552%#k | 575%k | 85k |.8 | 4k 1.896*+F | 036%F*
place (0.426) (0.427) (0.430) (0.461) (0.446) (0.350)
Shop owner 1.176** |.159%* 1.178%* 1.186%* 1.206** 0.973%*
(0.564) (0.555) (0.543) (0.576) (0.551) (0.420)
Trust police 0.545 0.529 0.453 0.423 0.380
(0.340) (0.339) (0.338) (0.351) (0.340)
Trust neighbors —0.608* —0.598%  —0.534* —0.648*%  —0.585*  —0.523*%*
(0.315) (0.314) (0.311) (0.326) (0.318) (0.260)
Community help —1.425%F | 372%F  —|.244%F | |49 | 2] ] 282%FF
(0.569) (0.567) (0.558) (0.570) (0.564) (0.485)
Civic life 1.222%%k | 263
(0.390) (0.388)
Women’s group 1.240%* | .425%%* |.485%F | .040%*
(0.530) (0.556) (0.522) (0.466)
Years in house —0.007 —0.006 —0.007 —0.008 —0.004
0.011) 0.011) 0.011) (0.011) (0.011)
Muslim 0.670 0.716 0.756 0.569 0.886
(0.565) (0.563) (0.566) (0.621) (0.562)
Marathi 1.128** |.145%* .15 1.070* I.118** 0.452%*
(0.529) (0.526) (0.528) (0.569) (0.542) (0.275)
OBC 0.348 0.363 0.418 0.632 0.379
(0.426) (0.424) (0.426) (0.434) 0.411)
Forward caste 0.277 0.299 0.380 0.627 0.505
(0.435) (0.436) (0.436) (0.449) (0.429)
Daily wage earning  0.584
(0.390)
Can use savings —0.981%F  0.941%F —0.943%F ] 090%F | 1440 —0.920%FF
0.317) (0.316) (0.319) (0.331) (0.327) (0.258)
Nonvisible assets 1.336
index (1.118)
Income per capita 0.0001 0.0002* 0.0002* 0.0002 0.0002* 0.0002%*
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)  (0.0001)
(continued)
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Table 3. (continued)
Household riot victimization
Dependent variable n (2) 3) (4) (5) (6)
Subjective welfare —0.089 —0.100 —0.123 —0.096
(0.134) (0.134) (0.139) (0.133)
Level 2 variables
Jati 0.363
fractionalization (7.652)
Caste 16.234% 10.53 % 7.226%F
fractionalization (7.557) (2.915) (2.485)
Religious —0.364
fractionalization (2.041)
Presence of temple 0.486
(0.894)
Presence of market —0.648
(0.903)
Presence of chowk 0.039
(0.794)
Presence of police —1.728
(1.166)
Size of house (m?) 0.003
0.011)
Permanent —2.48I
materials (3.187)
Visible assets index 1.001 -0.772
(8.599) (3.105)
Shop owner 0.213
(9.303)
Trust neighbors —1.196 —2.128
(3.455) (1.768)
Community help —12.604%  —12.943%F —9.704%F*
(6.466) (4.067) (3.091)
Muslim 1.830
(2.625)
Marathi 1.751
(3.296)
OBC —2.632
(4.460)
Forward caste 1.010
(3.589)
Can use savings 6.543%* 6.639%FF 6,076+
(3.039) (2.151) (1.605)
Income per capita 0.001
(0.001)
(continued)
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Table 3. (continued)

Household riot victimization

Dependent variable n (2) 3) (4) (5) (6)

Variance of 0.547 0.589 0.678 0.000 0.000 0.091
neighborhood (0.422) (0.439) (0.469) (0.000) (0.000) (0.165)
effects

Variance of district 3.836 3.781 3.585 3.424 5.319 4,132
effects (2.220) (2.196) (2.104) (2.622) (3.328) (2.332)

LR test p value 0.000 0.000 0.000 0.000 0.000 0.000

Observations 756 756 756 756 756 944

Note: OBC = other backward classes; LR = likelihood ratio test.
Standard errors in parentheses. ¥*¥p < 0. *¥p < .05. ¥p < |,

are able to rely on the assistance of the community in case of need are between
68 and 76 percent less likely to report victimization (the effect is always sig-
nificant, at 5 or 1 percent). These results are in line with our expectations out-
lined in the third section.

Interestingly, the results in Table 3 show that household participation in civic
organizations, such as neighborhood organizations, political parties, trade
unions and women’s self-help groups, among others, is positively and statisti-
cally significantly associated with victimization. The odds of victimization of a
household engaged in local organizations are three and a half times higher than
those of households not involved in local civic life. This is a very large and
counterintuitive effect as previous literature, Varshney (2002) in particular, has
shown strong and compelling evidence for the role of local associations and
organizations in the prevention of communal violence.'* We have, therefore,
investigated this result further by disaggregating its various components in
order to see whether the result may be driven by any particular type of organi-
zation. These data show that of the 147 households in the sample for which at
least one member is involved in local organizations 68 belong to women
self-help groups (46 percent). Political parties are the second-largest group,
including 27 households only. This disaggregation suggests that the positive
association between participation in local civic associations and victimization
is being driven by levels of participation in women’s self-help groups. In col-
umn (3), we have replaced our former variable representing engagement in
civic life by a variable that includes only household membership in self-help
groups (membership in other groups is coded as zero). The coefficient associ-
ated with the self-help group variable is remarkably similar (1.240 in column 3)
to the coefficient associated with any form of membership (1.263 in column 2).
We have also found that membership in other type of organizations is unrelated
to victimization.'> These facts suggest that members of self-help groups are
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more likely to report victimization during riots. We believe that this result indi-
cates a link between high levels of economic vulnerability and victimization (as
reported, for instance, in Scacco [2012]). Households that take part in self-help
groups are considerably more likely than others to depend on daily wage work
for their main earnings (37 percent against 19 percent), a clear indicator of vul-
nerability. This interpretation is also in line with the findings we report subse-
quently on the association between economic vulnerability and household
victimization.

Group identity: neither caste nor religion variables seem to display a significant
relationship with victimization. Marathi-speaking households are almost 60
percent more likely than non-Marathi households to report being affected by
a riot (column 6).'® This finding appears to challenge dominant discourses
about communal violence in India based on religious divisions.'” Our results
seem to reflect more instrumentalist arguments (for instance, Brass 1997,
2003; Wilkinson 2004) based on the view that people during riots are driven
by concerns about potential economic and political incentives rather than pure
religious of caste-based ideology. We find some limited evidence that lan-
guage may be associated with household victimization. However, in light of
lack of any other empirical support for the role of identity markers in explain-
ing patterns of victimization, we interpret this result as potentially reflecting
the fact that majorities tend to feel that they are worse off than minorities, as
discussed in Tambiah (1996).

Economic vulnerability: consistent with the hypotheses discussed in the third sec-
tion, the results in Table 3 show that the odds of victimization for households
that can use savings in times of needs are 60 percent lower than for households
that are not able to access this kind of financial security. Relying on daily
wages or having fewer assets does not affect the likelihood of household vic-
timization. We find, in addition, that higher levels of income per capita, as
hypothesized earlier, are associated with increased odds of victimization. The
odds ratio of a change in income equal to the interquartile of the income dis-
tribution (around 1,000 rupees) is 1.22. Moreover, these results are driven by
actual income levels and are not dependent on how households perceive their
own relative wealth (column 2). This suggests that households with higher
incomes are more likely to report being affected by riots, whereas households
with high levels of savings report reduced odds of victimization. In addition,
households that belong to self-help groups as discussed previously are more
likely to suffer from the riots. Taken together, these results suggest that more
economically vulnerable households (without savings and part of self-help
groups) are more likely to suffer from riots. Similar associations among pov-
erty, low incomes, economic vulnerability, and violence have been reported
in the literature at the macro level (see, e.g., Miguel, Satyanath, and Sergenti
2004; Bohlken and Sergenti 2010). Two implicit mechanisms underlie this lit-
erature. The first is that economic vulnerability is associated with higher levels

Downloaded from jcr.sagepub.com by guest on October 16, 2014


http://jcr.sagepub.com/

16 Journal of Conflict Resolution

of violence because it encourages poorer and more disenfranchised segments
of the population to participate in acts of violence. The second mechanism
is that poorer countries and regions will have less capacity to prevent the orga-
nization of criminal networks. Our results suggest an additional mechanism:
economic vulnerability is associated with household victimization because
these households are unable to cope with the adverse effects of violence.

We find, however, a nonlinear effect of income: households with higher incomes
are also more likely to report being victims of riots. Better-off households may be
able to better cope with the adverse effects of riots (particularly those able to save),
but may also have more to lose when riots take place (for instance, curfews may pre-
vent them from continue trading or other activities), and may be more exposed to the
possibility of opportunistic violence and looting. This reflects some of the findings
in the literature on the micro-level dynamics of civil wars, which has suggested the
presence of a nonlinear impact of armed violence on economic welfare (Bundervoet
2009; Justino 2009; Justino and Verwimp 2013; Verwimp 2005).

We note that in the specifications presented in columns (1) through (3) in Table 3,
the estimated variances of the random effects remain stable around 0.6 for the neigh-
borhood effects and 3.7 for the district effects. The validity of the multilevel
approach with respect to a simple logit is justified by the results of the likelihood
ratio (LR) test, which signals that the variances of the random effects are non-
null with a p value smaller than .001. We discuss the results regarding the contextual
effects subsequently.

Level 2 Contextual Effects

In column (4) of Table 3, we include neighborhood-level covariates as an application
of the Mundlak—Chamberlain approach. Variables included are fractionalization
indices for jati, caste and religion, presence of specific landmarks (temple, chowk,'®
and market) and the within-neighborhood means of household covariates.' The
model is overparametrized, which is not surprising considering the number of neigh-
borhoods in the sample (forty-five) and the number of level 2 variables included.
The consequence is that the estimation of the variance for the neighborhood effects
does not converge and is set to 0. A comparison of the estimates of level 1 covariates
between column (4) and columns (1) to (3) reveals that they are remarkably stable.
The stability of the estimates provides strong evidence that the results discussed pre-
viously are consistent and that the use of a random effects estimator is the most
appropriate modeling choice.

Three level 2 variables are statistically significant: the index of caste fractionali-
zation, and the mean at the neighborhood level of household savings capacity and
community help. The caste fractionalization variable exhibits a very large coeffi-
cient (16.2). The index of fractionalization rises by about seven percentage points
between the 25th and the 75th percentile of its distribution. The estimations show
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that an increase of this magnitude in the caste fractionalization index would triple the
odds of victimization. This result suggests that although caste (and religious) iden-
tity is not associated with the odds of victimization at the household level, neighbor-
hoods that are more fragmented along caste lines are more likely to report higher
levels of household victimization. The effect is large and seems to concur with Han-
sen’s (1999) argument that caste and religious identities may operate as collective
rather than as individual identities. The result may also reflect the fact that the pre-
vention of riots and the mitigation of the effects of rioting are public goods created
(in part) by interactions between people in the neighborhood. In heterogeneous
neighborhoods, this is likely to be more difficult to achieve. This argument has been
put forward in a large body of literature on ethnic divisions and public good provi-
sion (e.g., Alesina and La Ferrara 2000; Miguel and Gugerty 2005), including the
role of caste fractionalization in public good provision in India (Banerjee, Iyer, and
Somanathan 2005). Taken together with the findings on household distance from
police stations discussed previously, this result seems to suggest that victimization
levels are higher is neighborhoods characterized by larger caste fractionalization due
to a potential lack in riot prevention or mitigation measures in those neighborhoods.

The coefficient on the strength of community assistance is large (—9.7 in our pre-
ferred specification, column 6) and is significant at 1 percent. Quantitatively, this
means that if we compare a household living in a neighborhood where just 4 percent
of people can rely on help from the community (this corresponds to the first quar-
tile), to a completely similar household living in a neighborhood where 21 percent
can rely on community help (the third quartile), the former has 80 percent more
chance to be affected by a riot. This result is in line with the results discussed pre-
viously for the level 1 variables: households that are able to rely on help from other
neighbors in times of need are less likely to report being victims of riots, and neigh-
borhoods with a larger share of these households are also less likely to experience
riots. Such a contextual effect provides some evidence that the quality of social inter-
actions at the macro level matters when explaining the determinants of household
victimization. This finding is consistent with the argument of Varshney (2002) in
terms of the importance of “everyday forms of engagement” in preventing the out-
break of communal violence in India.

The contextual effect of savings capacity is strongly positive: the odds ratio that
results from comparing two households with the same capacity to use savings, one
living in a neighborhood where 46 percent of households can use savings, and the
other one in a neighborhood where 64 percent of households can do so, is 2.9. This
contextual effect of savings runs in opposite direction to the within effect we
reported in the previous section. The latter appears to have a protective impact:
within a given neighborhood, households with savings are less likely to report vic-
timization. However, ceteris paribus, neighborhoods wherein a larger share of peo-
ple is able to build savings are more likely to have a higher number of riot victims
than worse-off neighborhoods. We interpret this result as reflecting the double-edge
effect of wealth-related variables as discussed earlier. These are relatively affluent
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neighborhoods where in general people tend to be better-off and are more able to
cope with the adverse effects of riots. At the same time, these neighborhoods may
be closer to obvious riot routes such as main roads en route to temples and markets
(Brass 1997), may be likely to be more exposed to opportunistic looting, and may
lose more in terms of local market interactions when for instance curfews are
imposed.

It is not uncommon that the sign of a statistical relationship between two variables
differ at the individual and aggregate levels (e.g., Schelling 1978). One advantage of
using multilevel modeling, which can accommodate both effects at the same time, is
precisely that it can distinguish between the within and between effects. In the case
of the result on savings, our results show that while savings protect households
within neighborhoods, collective levels of wealth seems to make the entire neighbor-
hood more vulnerable to the consequences of rioting. In other words, poor house-
holds in relatively rich neighborhoods are the most affected by rioting.

In order to investigate further potential contextual effects, we have reduced the
dimensionality of the vector of level 2 covariates (column 5). In this more parsimo-
nious specification, the contextual effects of savings capacity and community’s help
are unchanged. We obtain similar results in column (6) where we drop level 1 cov-
ariates that failed to have a significant effect.

Robustness tests. The results presented previously are remarkably robust to a series of
alternative specifications, which are shown in Table 4.° These include the replica-
tion of the results reported in Table 3 (1) using fixed effect models, (2) excluding the
districts of Mumbai and Thane, (3) using alternative specifications of the dependent
variable, and (4) correcting for potential response biases. We also discuss potential
endogeneity issues in the data.

Fixed effect models: in columns (1) and (2), we estimate fixed effects models using a
neighborhood-fixed effects and a district-fixed effects estimator, respectively.”!
Consistent with our previous discussion, the results in columns (1) and (2) show
that the coefficients of the fixed effects estimators are very similar to those of the
random effects estimators.

Exclusion of Mumbai and Thane: in column (3), we revert to the random effects
specification but exclude the districts of Mumbai and Thane from the sample.
Both stand out from the rest of the sample in that they are much more “urban.”
For instance, 34 percent of the sampled households in Mumbai and Thane dis-
tricts live in a building, in contrast to 8.2 percent in Sangli and Kolhapur, 7 per-
cent in Dhule, and less than 5 percent in all other districts. These two districts
also exhibit much lower levels of trust toward neighbors. Removing both dis-
tricts from the sample does not alter significantly the results.

Alternative specification of dependent variable: the dependent variable we have
considered so far takes the value 1 for both households that experience riots
directly (i.e., suffer direct injuries and damage) and households that report
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more indirect experiences of violence. It is, therefore, possible that the results
we discussed earlier may be driven by particular types of victimization that we
have not considered. Given the small size of the sample of households that suf-
fered direct injuries or damage (twenty-six households), we are not able to use
multinomial or ordinal models to estimate correlates of victimization across
different types of victims. Instead, we recode in column (4) of Table 4 the
dependent variable so that only indirect victims are compared to nonvictims.
Observations for direct victims were set to missing. Large discrepancies
between estimations with indirect victims would be a sign that we should not
aggregate all types of victims in the specifications discussed in Table 3. A com-
parison of column (6) in Table 3 and column (4) in Table 4 shows that the coef-
ficients are qualitatively similar.

Response biases: communal violence is a very sensitive topic in India, arguably
creating a risk that respondents may underreport their experiences of violence
and victimization. Underreporting may also be due to the fact that in some
cases interviews were conducted outside the house, where groups of neighbors
and passersby gathered around the respondents.?® In order to be able to correct
for these potential biases, we noted down during the surveys the circumstances
under which each interview was conducted. In column (5) of Table 4, we intro-
duce a categorical variable depicting the setting of the interview as an addi-
tional covariate. This variable takes the value 1 if the respondent was alone,
2 if children were present, and 3 if other adults were present; 43 percent of the
interviews are coded as 1, 31 percent as 2, and 26 percent as 3. Another poten-
tial bias may stem from the sex of the respondent. Two-thirds of our respon-
dents are female. If women (men) are more reluctant than men (women) to
admit to exposure to violence, the victimization variable would be subject to
a nonrandom measurement error. The estimates in column (5) show that when
children were present, there is a higher likelihood of the respondent reporting
victimization. Male respondents also seem more willing to declare victimiza-
tion status. Both these effects are only marginally significant (p <.10), and the
inclusion of these variables does not change the previous results.

Endogeneity: we discussed previously, how the correlation between the covariates
and the random effects was unlikely to bias the results. We also discussed the
robustness of the results to several potential measurement errors. However,
results may still not be valid if covariates are correlated with the error term
(enna) due, for instance, to potential reverse causation. There are at least two
channels through which reverse causation may operate. First, exposure to riots
may increase the feeling of vulnerability among people affected, making those
people more likely to report victimization, not because they were affected by
the riots but rather because they feel more afraid and insecure. Second, expo-
sure to riots may increase actual vulnerabilities. Therefore, more economically
vulnerable people may not necessarily be more likely to be the victims of riots;
rather, economic vulnerability may be caused by the riot itself. We are not able
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to test directly for endogeneity or provide precise causal channels whereby
riots may affect victimization. This is because it is nearly impossible to collect
pre-riot data on household characteristics in areas affected by endemic rioting.
We also do not think it is possible to construct a credible and strong enough set
of instruments for each covariate of victimization we analyzed in the previous
section. We provide subsequently, however, indirect evidence that the results
we presented so far are not likely to be substantially driven by potential reverse
causation.

Because we were aware of the potential for endogeneity in the estimates, we were
very careful to ask questions about possible determinants of victimization in ques-
tionnaire modules that were separate to, and applied before, any questions about
riots. The respondents were never told this was a survey about riot experiences (these
questions were asked toward the end of the survey). Our main concern is with the
result that households are more likely to be the victims of riots if they live near
(self-reported) unsafe areas. This result may be due to increases in perceptions of
insecurity rather than the nearness of unsafe areas per se. In order to test this further,
we have included in column (6) of Table 4 a variable measuring related perceptions
of insecurity, notably whether the respondents report concerns about crime in their
neighborhood. If our result on the location of households near unsafe areas is being
driven by heightened perceptions of insecurity due to riot exposure, we would expect
these households to also report increased concerns with crime. This is not the case:
the coefficient is positive but not statistically significant, and adding it to the regres-
sions has no significant effects on other coefficients.

The second cause for concern about endogeneity is that exposure to riots may
change economic vulnerability, rather than vulnerability being a determinant of vic-
timization. The restriction of the results in Table 4 (column 4) to indirect victims
goes some way toward mitigating this concern since most households reporting vic-
timization in our sample did not report direct financial losses that would have
resulted from injuries or physical damages. The issue of reverse causality may, how-
ever, still be present in variables measuring neighborhood support. The results dis-
cussed in the previous section showed that socially isolated households suffer more
from riots, neighborhoods with weak support networks experience more riots, and
households unable to resort to the help of neighbors in times of need are more likely
to report being victimized. It is, however, possible that households most affected by
the violence within their neighborhoods responded by withdrawing from existing
social relations (especially if these households belong to local minority groups) or
that neighborhood social interactions were in fact weakened by riots. In order to
(at least partially) address this concern, we have restricted our sample to the most
riot-affected neighborhoods (see column 7 in Table 4). These are neighborhoods
in which at least 50 percent of households reported a riot.>* We find that even in
these neighborhoods the effect of community support at both the household and the
neighborhood level remain large and, for the former, statistically significant. If riots
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caused people to withdraw from social networks of support, or social relations to
become less strong, we should have observed no effect (or a high reduction of the
effect) of community support on victimization. We observe instead an increase in
the negative effect of trust in neighbors and community help on the likelihood of
households reporting being victims of riots. However, the magnitude of the neigh-
borhood variable representing community help decreases to 5.5, so that the effect
is now just above the 10 percent level of statistical significance. Although we
acknowledge that this test cannot replace a more rigorous causal identification strat-
egy, these results suggest that it is unlikely that social isolation is being on the whole
caused by the riots themselves. This exercise does not rule out the fact that reverse
causation may also be the result of a positive effect of the riots on social relations,
which has been reported in the literature on civil wars (for instance, Bellows and
Miguel 2009; Blattman 2009). In that case, the results we discussed in the previous
section are a lower bound estimate of the true association between community help
and trust and the likelihood of household victimization.

Conclusion

Despite a large literature on communal violence in India, quantitative evidence on
the effects of rioting on households and neighborhoods exposed to endemic violence
is very limited. To the best of our knowledge, this is the first study to examine
empirically the patterns of victimization among households and neighborhoods
affected by riots in India.

The results discussed in the article show that households are more likely to report
having been the victims of riots when they live in the vicinity of unsafe areas, own a
shop, belong to self-help groups (which we interpret as indicating the level of eco-
nomic vulnerability of the household), and report higher levels of income per capita.
Households are less likely to report suffering from riots when they live farther from
police stations, are more able to trust their neighbors, are able to rely on the help of
neighbors in times of need, and are able to accumulate savings. Taken together, these
results suggest that household riot victimization in Maharashtra is positively associ-
ated with economic vulnerability and weak social interactions. We also find an inter-
esting double-edge effect of income: better-off households may be able to better
cope with the adverse effects of riots (particularly those able to save) but may also
have more to lose in terms of economic activities and be more exposed to the pos-
sibility of opportunistic violence and looting. At more aggregate levels of analysis,
we find that relatively more affluent neighborhoods and with higher levels of caste
fragmentation are more likely to include a larger number of riot victims, whereas
neighborhoods with stronger social links between households are less likely to
exhibit high levels of household victimization.

The importance of economic factors in determining household riot victimization
is noteworthy because these factors have been largely absent from the literature on
riots in India, which for the most part has focused on political and social dynamics.
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The nonlinear income result we find is, however, in line with findings in the civil war
literature, which has found that victims of violence tend to be found among both the
better-off and worse-off segments of the population (for instance, Verwimp 2005).
This has not been explored in detail in the literature on riots and nonwar forms of
political violence and is an interesting direction for future research.

Despite the importance of religious factors in most of the literature on riots in
India (and the literature on ethnic riots more widely), we did not find an association
between riot victimization and religious identity. This may well be because our def-
inition of riots goes beyond the usual focus on Hindu—Muslim communal violence.
We indeed found that Marathi speakers tend to be more likely to declare a victimi-
zation status, but the robustness of the result is somewhat questionable. We find
strong evidence that caste fractionalization is associated with high levels of victimi-
zation at the neighborhood level. We have argued, however, that this result likely
reflects a lack of capacity (or willingness) of state institutions to provide public
goods in more heterogeneous neighborhoods. This interpretation is strengthened
by the fact that we also found a robust negative association between household vic-
timization and distance from police stations. We believe this is an important result
showing how the police may not necessarily act to protect local populations in con-
texts of rioting. This complements the findings of Wilkinson (2004) on the role of
the police and state institutions in selectively intervening to control communal riot-
ing depending on electoral competition processes.

Our final set of results suggests that weak social neighborhood interactions and
household social isolation are important determinants of household riot victimiza-
tion. Varshney (2001, 2002) has argued that the strength of interethnic civic engage-
ment is one of the key reasons why cities such as Lucknow, Kozhikode, and Surat
have experienced lower levels of communal violence than other comparable cities
such as Hyderabad, Aligarh, and Ahmadabad. We cannot directly compare our
results with these. We show, however, that household integration in local social life
(particularly the ability to draw on community help in times of need) acts as a pro-
tective shield against the adverse effects of riot exposure. In addition, households
living in neighborhoods with stronger support networks are less likely to be affected
by a riot. These results mirror some of the findings of Varshney (2001, 2002) about
the importance of “everyday forms of engagement” in preventing the outbreak of
riots. Our results suggest that everyday forms of social engagement act as important
economic and physical security safety nets for households exposed to rioting. A
large economics literature has shown how social networks are central to protecting
the poor when they are affected by economic shocks (e.g., Townsend 1994). Similar
mechanisms may also be at play in situations of endemic rioting, an issue that we
intend to explore in more detail in future work.

These findings have also important policy implications. India’s recent track
record in terms of economic growth and economic internationalization has been
accompanied by the persistence of pockets of poverty, rising inequalities in terms
of political representation, income opportunities and social mobility, and increased
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social and political tensions. The results discussed in the article suggest that rioting,
which continues to rise and persist across many communities, cities, and states in
India, may be deepening the economic, social, and physical vulnerability of those
already unable to benefit from increases in economic growth.
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Notes

1. One exception is Scacco (2012), who has conducted a survey among perpetrators of riots
in Nigeria in order to better understand why people participate in violent forms of civil
unrest.

2. A few studies have focused on explaining the causes of communal riots at the neighbor-
hood level. See Field et al. (2008) for an empirical analysis of riots in Ahmadabad, and
Berenschot (2011) for an ethnographic study of violence in Gujarat after the 2002 events.

3. This usually consisted of five or six equidistant points around the perimeter and five or six
starting points branching out from roughly the center of the site.

4. The working paper version of this article (Gupte, Justino, and Tranchant 2012) shows fur-
ther evidence for the importance of neighborhood effects in shaping household determi-
nants of victimization.

Downloaded from jcr.sagepub.com by guest on October 16, 2014


http://jcr.sagepub.com/

26

Journal of Conflict Resolution

10.

11.

12.

13.

14.

15.
16.

17.
18.
19.

. Houses made of permanent materials may signal wealth and attract looters, while houses

made of nonpermanent materials are easier to plunder.

. Scheduled castes (SC), scheduled tribes (ST), and other backward classes (OBC) are

groups of historically disadvantaged people recognized in the Constitution of India.

. In his novel Curfew in the City, Rai (2005) vividly depicts the dramatic consequences of

the curfew in a poor household hosting a pregnant woman. See also Brass (2006).

. The within effect is given by the coefficient associated with the demeaned covariate

(xnma — Xna) and the between effect with the cluster-mean covariate x,;. Had we chosen
to cluster-mean the covariates, equation (1) would have yielded directly the within and
between coefficients. Since we are not interested in between effects but rather in within
and contextual effects, we instead chose the specification shown in equation (1) (Rabe-
Hesketh and Skrondal 2012, 158).

. The estimations are run with the xtmelogit command in Stata with seven integration

points at each level. Using the /mer command in R yields the same results. In all the sub-
sequent estimations, we exclude one observation corresponding to a household with an
income of Rs. 800,000, that is, almost US$13,000. The figure is correct (the household
head is a very successful businessman) but is so out of line with the rest of the sample
that we decided to exclude this observation so as not to bias the results.

By exponentiating the raw coefficients in Table 3, we obtain the odds ratio. The odds ratio
associated with one additional minute needed to reach the police station is e %9% = 0.97,
which indicates that every additional minute translates into a 3 percent reduction of the
risk of victimization. The corresponding change in risk associated with a fifteen-minute

increase is e~ 0-035%15

= (.59, that is, a 40 percent reduction.

We also introduced the visible assets individually as covariates, but they remained statis-
tically insignificant.

The results could also be explained by the fact that these are areas of high criminal activ-
ity. We test this result further in the next section but do not find support for this
hypothesis.

Examples of this are also evident elsewhere in the world like, for example, during the
civil wars and ethnic violence in Burundi and Rwanda, as described by Lemarchand
(1996) and Straus (2006).

Jha (2013) provides evidence for a similar mechanism at play by showing a strong neg-
ative causal relation between riots and proximity to medieval trading ports across cities in
India, which would have created strong institutions for interreligious trade and exchange.
Results not shown but available upon request.

This effect is, however, not very robust across the alternative specifications displayed in
Table 4, on which we will return subsequently.

This debate is discussed in detail in Wilkinson (2005) and Jaffrelot (2011).

A chowk is a major crossroad.

We have also considered specifications with polarization instead of fractionalization
indices, but none of them reached usual significance levels. Results are available upon
request.
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20. To save space, we do not report the variance of the random effects and the p value asso-
ciated with the likelihood ratio test. Neither is changed with respect to the previous
specifications

21. The estimated standard errors are robust to a neighborhood cluster effect in column (1)
and to a district cluster effect in column (2).

22. This is a very common situation faced by surveys conducted in developing countries,
including India. See Alderman, Das, and Rao (2013) for a discussion.

23. These neighborhoods are located in towns where the occurrence of large-scale riots is
well documented. The research team was able to confirm in each of these sites the inci-
dence of riots.

Supplemental Material

Online Supplementary Material is available from the authors or on the Journal of Conflict
Resolution website at http://jcr.sagepub.com/supplemental.

References

Alderman, Harold, Jishnu Das, and Vijayendra Rao. 2013. “Conducting Ethical Economic
Research: Complications from the Field.” Policy Research Working Paper 6446, World
Bank, Washington, DC.

Alesina, Alberto, and Eliana La Ferrara. 2000. “Participation in Heterogeneous Communities.”
Quarterly Journal of Economics 115 (3): 847-904.

Banerjee, Abhijit, Lakshmi Iyer, and Rohini Somanathan. 2005. “History, Social Divisions
and Public Goods in Rural India.” Journal of the European Economic Association 3
(2-3): 639-47.

Bellows, John, and Edward Miguel. 2009. “War and Local Collective Action in Sierra Leone.”
Journal of Public Economics 93 (11-12): 1144-57.

Berenschot, Ward. 2011. “The Spatial Distribution of Riots: Patronage and the Instigation of
Communal Violence in Gujarat, India.” World Development 39 (2): 221-30.

Blattman, Christopher. 2009. “From Violence to Voting: War and Political Participation in
Uganda.” American Political Science Review 103 (2): 231-47.

Bohlken, Anjali Thomas, and Ernest John Sergenti. 2010. “Economic Growth and Ethnic
Violence: An Empirical Investigation of Hindu-Muslim Riots in India.” Journal of Peace
Research 47 (5): 589-600.

Brass, Paul R. 1997. Theft of an Idol: Text and Context in the Representation of Collective
Violence. Princeton, NJ: Princeton University Press.

Brass, Paul R. 2003. The Production of Hindu-Muslim Violence in Contemporary India. Seat-
tle: University of Washington Press.

Brass, Paul R. 2006. “Collective Violence, Human Rights, and the Politics of Curfew.” Jour-
nal of Human Rights 5:323-40.

Bundervoet, Tom. 2009. “Livestock, Land and Political Power: The 1993 Killings in Burundi.”
Journal of Peace Research 46 (3): 357-76.

Chamberlain, Gary. 1980. “Analysis of Covariance with Qualitative Data.” Review of Eco-
nomic Studies 47:225-38.

Downloaded from jcr.sagepub.com by guest on October 16, 2014


http://jcr.sagepub.com/supplemental
http://jcr.sagepub.com/

28 Journal of Conflict Resolution

Chatterji, Roma, and Deepak Mehta. 2007. Living with Violence: An Anthropology of Events
and Everyday Life. New Delhi, India: Routlege.

Das, Veena. 2004. “Privileging the Local: The 1984 Riots.” In Religious Politics and Com-
munal Violence, edited by Steven 1. Wilkinson, 91-100. New Delhi, India: Oxford Univer-
sity Press.

Engineer, Asghar Ali. 1991. “The Causes of Communal Riots in the Post-partition Period in India.”
In Communal Riots in Post-independence India, edited by Asghar Ali Engineer, 33-41.
Hyderabad, India: Sangam Books Limited.

Field, Erica, Matthew Levinson, Rohini Pande, and Sujata Visaria. 2008. “Segregation, Rent
Control, and Riots: The Economics of Religious Conflict in an Indian City.” American
Economic Review: Paper and Proceedings 98 (2): 505-10.

Gelman, Andrew, and Jennifer Hill. 2012. Data Analysis Using Regression and Multilevel/
Hierarchical Models. New York: Cambridge University Press.

Gupte, Jaideep, Patricia Justino, and Jean-Pierre Tranchant. 2012. “Households Amidst
Urban Riots: The Economic Consequences of Civil Violence in India.” Technical
report, Households in Conflict Network (HiCN) Working Paper 126, Washington,
DC.

Hansen, Thomas Blom. 1996. “The Vernacularisation of Hindutva: The BJP and Shiv Sena in
Rural Maharashtra.” Contributions to Indian Sociology 30 (2): 177-214.

Hansen, Thomas Blom. 1999. The Saffron Wave: Democracy And Hindu Nationalism in Mod-
ern India. Princeton, NJ: Princeton University Press.

Jaffrelot, Christophe. 2011. Religion, Caste and Politics in India. London, UK: Hurst &
Company.

Jha, Saumitra. 2013. “Trade, Institutions and Religious Tolerance: Evidence from South Asia.”
American Political Science Review 107 (4): 806-32.

Justino, Patricia. 2009. “Poverty and Violent Conflict: A Micro-level Perspective on the
Causes and Duration of Welfare.” Journal of Peace Research 46 (3): 315-33.

Justino, Patricia, and Phillip Verwimp. 2013. “Poverty Dynamics, Violent Conflict and Con-
vergence in Rwanda.” Review of Income and Wealth 59 (1): 66-90.

Kalyvas, Stathis N. 2006. The Logic of Violence in Civil War. New York: Cambridge Univer-
sity Press.

Lemarchand, Rene. 1996. Burundi: Ethnic Conflict and Genocide. New York: Oxford Univer-
sity Press.

Levitt, Steven D. 1999. “The Changing Relationship between Income and Crime Victimiza-
tion.” Economic Policy Review 5 (3): 87-98.

Miguel, Edward, and Mary Kay Gugerty. 2005. “Ethnic Diversity, Social Sanctions, and
Public Goods in Kenya.” Journal of Public Economics 89:2325-68.

Miguel, Edward, Shanker Satyanath, and Ernest Sergenti. 2004. “Economic Shocks and Civil Con-
flict: An Instrumental Variables Approach.” Journal of Political Economy 112 (4): 725-53.

Mitra, Anirban, and Debraj Ray. 2014. “Implications of an Economic Theory of Conflict:
Hindu-Muslim Violence in India.” Journal of Political Economy 122 (4): 719-765.

Montalvo, Jose G., and Marta Reynal-Querol. 2005. “Ethnic Polarization, Potential Conflict
and Civil War.” American Economic Review 95 (3):796-816.

Downloaded from jcr.sagepub.com by guest on October 16, 2014


http://jcr.sagepub.com/

Gupte et al. 29

Mundlak, Yair. 1978. “On the Pooling of Time Series and Cross Section Data.” Econome-
trica 46 (1): 69-85.

Rabe-Hesketh, Sophia, and Anders Skrondal. 2012. Multilevel and Longitudinal Modeling
Using Stata. College Station, TX: Stata Press.

Rai, Vibhuti Narain. 2005. Curfew in the City. New Delhi, India: Roli Books Pvt Ltd.

Raudenbusch, Stephen W., and Anthony S. Bryk. 2002. Hierarchical Linear Models: Appli-
cations and Data Analysis Methods. Newbury Park, CA: Sage.

Scacco, Alexandra. 2012. Anatomy of a Riot Participation in Ethnic Violence in Nigeria.
Mimeo. New York: New York University.

Schelling, Thomas C. 1978. Micromotives and Macrobehaviors. New York: W. W. Norton &
Company.

Snyders, Tom A. B., and Johannes Berkhof. 2008. “Diagnostics Checks for Multilevel Mod-
els.” In Handbook of Multilevel Analysis, edited by J. de Leeuw and F. Meijer, 141-75.
New York: Springer.

Straus, Scott. 2006. The Order of the Genocide: Race, Power, and War in Rwanda. Ithaca,
NY: Cornell University Press.

Tambiah, Stanley J. 1996. Leveling Crowds: Ethnonationalist Conflicts and Collective Vio-
lence in South Asia. Berkeley: University of California Press.

Tambiah, Stanley J. 2005. “Urban Riots and Cricket in South Asia: A Postscript to ‘Leveling
Crowds.”” Modern Asian Studies 39 (4): 897-927.

Townsend, Robert M. 1994. “Risk and Insurance in Village India.” Econometrica 62 (3):
539-91.

Varshney, Ashutosh. 2001. “Ethnic Conflict and Civil Society: India and Beyond.” World
Politics 53 (3): 362-98.

Varshney, Ashutosh. 2002. Ethnic Conflict and Civic Life: Hindus and Muslims in India. New
Haven, CT: Yale University Press.

Verwimp, Philip. 2005. “An Economic Profile of Peasant Perpetrators of Genocide: Micro-
level Evidence from Rwanda.” Journal of Development Economics 77 (2): 297-323.
Wilkinson, Steven 1. 2004. Votes and Violence: Electoral Competition and Ethnic Riots in

India. Cambridge, UK: Cambridge University Press.

Wilkinson, Steven 1. 2005. Religious Politics and Communal Violence. New Delhi, India:

Oxford University Press.

Downloaded from jcr.sagepub.com by guest on October 16, 2014


http://jcr.sagepub.com/


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


