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Abstract
Informal monitoring and enforcement can increase the efficacy of public service delivery.
We study the Targeted Public Distribution System of India and find that Scheduled Castes
(SC) have a higher take-up of government subsidized food when facing SC delivery agents. We
provide evidence suggesting that this effect works through increased informal monitoring and
enforcement when the delivery agent is corrupt. We then estimate a structural model and show
that the welfare that SC households would gain from lowering monitoring and enforcement costs
– an amount equivalent to moving from a non-SC shopkeeper to a SC shopkeeper – are important, equaling approximately one-fifth of the average subsidy amount. Additionally, expanding
the generosity of the program - as envisioned in the proposed National Food Security Bill - can
perversely lower welfare for SCs and non-SCs due to increased incentives for black-marketing.
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Introduction

The efficacy of public service delivery is undermined by large scale corruption in developing countries. This can disproportionately affect less powerful areas (Olken (2006)) or less powerful households (Broussard, Dercon, and Somanathan (2009)). As a result, the services often do not reach the
intended beneficiaries. Monitoring and enforcement may improve take-up. In this paper, we examine whether the most vulnerable beneficiaries of public service delivery programs are differentially
affected by corruption, whether informal monitoring through social networks affects outcomes, and
whether improving monitoring and enforcement can yield quantitatively important welfare gains
for vulnerable beneficiaries.
We focus on the distribution of subsidized goods in India under the Targeted Public Distribution
System (TPDS). We explore whether the historically disadvantaged Scheduled Castes (SCs), who
are much poorer than the general population and often the subject of discrimination,1 have a lower
take-up of the program when facing non-SC delivery agents. We establish that take-up is affected
by the caste of the agent and provide evidence that this effect works through monitoring and
enforcement. We then develop and estimate a structural model to quantify the welfare gains that
SC households could obtain by having monitoring and enforcement costs lowered by an amount
equivalent to their having a SC shopkeeper, rather than a non-SC shopkeeper.
India is a pertinent setting for examining these phenomena. The incidence of malnourishment
among children in India is very high. By one estimate, India recently accounted for 40% of malnourished children in the world (von Braun, Ruel, and Gulati (2008)). As one of the government
programs aimed at addressing malnutrition, the TPDS distributes grains and other goods through
over 450,000 “Fair Price (FP) Shops,” where households are entitled to purchase rice, wheat, and
other goods at below market rates from a locally appointed shopkeeper. The subsidy for grain is
primarily targeted toward below-poverty-line (BPL) households, where BPL status is assigned by
local elected officials. The scale of beneficiaries is massive: the most recent government Economic
Survey asserted that 65.2 million BPL households are entitled to benefits from the TPDS (GoI
(2011)). The financial scale of the program is equally impressive, with the food subsidy accounting
for over Rs. 582 billion in FY 2009-2010 (approximately $12.6 billion at December 2009 exchange
rates), or 1.3% of GDP (GoI (2011)). However, despite this massive investment, take-up rates vary
greatly geographically and are quite low in many states, leaving the promise of an entitlement to
1

The poverty rate among SCs in 2004-05 was 37%, as compared to a population-wide rate of 28% (Ahluwalia

(2011)).
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food unfulfilled. In part, this is because of massive leakage from the delivery system. Recent estimates for 2007-08 place the fraction of grain diverted at an astounding 43.9% across India, which
is actually an improvement over previous years (Khera (2011); PEO (2005)).2
Our empirical analysis has three components. First, we use data from the state of Uttar Pradesh
to examine whether SC households suffer disproportionately from this breakdown in local service
delivery. We find strong evidence for this in the case of non-SC shopkeepers. Yet, take-up of grains
is strikingly higher – more than 40 percentage points – for SC households (relative to non-SC
households) when shopkeepers are SC. However, we do not observe the same differential in take-up
of kerosene and sugar.
Second, we conduct empirical analysis to explain why the caste of the shopkeeper as well as
the good in question matters for SC households. We demonstrate that the most plausible channel
involves caste networks that play a role in monitoring and enforcement. Informal social networks
may serve as a conduit of information and lower the cost of monitoring and enforcement. We
hypothesize that when SCs face SC shopkeepers (or non-SCs face non-SC shopkeepers), the cost
of monitoring and enforcement is lowered. The value of this effect matters most when the cost of
monitoring and enforcement is high to begin with. In Uttar Pradesh, only a fraction of households
in each village – those with a BPL card – are entitled to the grain subsidy at the time of our
survey. On the other hand, since all households are entitled to the sugar and kerosene subsidy,
information may flow more easily for these goods and collective punishment of a shopkeeper may
be more forthcoming. Therefore, these goods will have a lower initial cost of monitoring and
enforcement than grain will. In this way, the empirical patterns across different goods that we see
in the data could emerge because of the different costs of monitoring and enforcement across goods
and castes. Our reduced-form empirical analysis shows that our findings are not supportive of a
series of potential alternative explanations, most notably taste-based discrimination against SCs
and elite capture.
Finally, we develop and estimate a structural model of take-up that we use to quantify the
2

The leakage comes in two forms, both of which are facilitated by the absence of effective monitoring and

enforcement. The first involves inclusion and exclusion errors in the allocation of BPL cards by local officials. (see
Niehaus, Atanassova, Bertrand, and Mullainathan (2011) for details). The second form of leakage comes from the
fact that shopkeepers and agents in other portions of the supply chain have a strong incentive to sell goods on the
black market (a specific example from Delhi is discussed in (Parivartan (2004)). Because shopkeepers have privileged
access to the supply chain, it is difficult for citizens or elected officials to verify shopkeepers’ claims of receiving only
limited supplies for distribution.
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welfare gains to SCs of improving monitoring and enforcement, as envisioned by the National Food
Security Bill under consideration in India (NAC (2011)). Specifically, we examine the welfare gains
to SCs of moving from the higher monitoring costs of facing a non-SC shopkeeper to the lower
monitoring costs of facing a SC shopkeeper. In this exercise, we find that the average welfare
gains are quantitatively important, approximately one-fifth the size of the average grain subsidy.
Importantly, we also use the model to evaluate another aspect of the National Food Security Bill,
increasing the effective subsidy rate. We find that, for the large majority of cases, a more generous
subsidy rate can stimulate greater black marketing of goods and perversely lower take-up. This
effect is greater for SCs than non-SCs.
The role of caste in transmitting information and enabling enforcement of agreements has
been explored in several different contexts. Related to our work, Fisman, Paravasini, and Vig
(2011) use data from a large state-owned bank in India to demonstrate convincingly that loan
amounts are higher – and default rates lower – when a household and bank branch official share the
same caste. Munshi and Rosenzweig (2006) examine the implications of caste-based occupational
networks that channel members of the same caste into particular jobs. And in the context of local
government, Munshi and Rosenzweig (2010) find evidence supporting the hypothesis that caste can
serve as a disciplinary mechanism for politicians. This paper complements the previous papers by
showing that not only the caste identity of the agents in a transaction matter, but the item being
transacted does as well (as we found for grains, available to a subset of the local population, versus
other subisdized items, available to all); moreover, our structural estimates allow us to quantify the
welfare effects that result from differential access to the market and, in this case, the government
subsidy in question.
Our results have immediate relevance to the TPDS. There is a lively debate in Indian policy circles about the future of the PDS, with two broad camps emerging. The first camp supports making
changes to the PDS that are roughly reflected in the National Food Security Bill. The second camp
of reformers supports moving toward a system based on food vouchers or outright cash transfers
(Kotwal, Murugkar, and Ramaswami (2011) and Chaudhuri and Somanathan (2011)). The issue
of how households induce delivery agents to properly transfer their full entitlements – present in either set of reforms – depends on both formal accountability mechanisms and informal mechanisms,
as through social networks. And in either set of reforms, the welfare of the targeted beneficiaries
depends not only on whether a household takes up a public service, but on the monitoring costs the
household must undertake to ensure take-up. Our estimates can be used to examine how changes
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in monitoring costs affect welfare, particularly for Scheduled Castes.
Our results also have broader implications for local public service delivery. A large literature
has shown that the quality of service delivery may be compromised by elite capture (Bardhan and
Mookherjee (2000),Bardhan and Mookherjee (2006)) or self-enrichment by authorities (Reinikka
and Svensson (2004),Niehaus and Sukhtankar (2011)). Reservation of political seats or political
strength within villages can still ensure that economically less powerful households enjoy public
benefits (Pande (2003), Foster and Rosenzweig (2004)). Our paper shows that in the absence of
strong formal checks and balances, the economically vulnerable may rely on informal social networks
to strengthen accountability of public service delivery agents and ensure access to public services.
National-level monitoring and enforcement can effectively discipline local authorities in certain
settings (Olken (2007)). But, this is not always forthcoming or cost-effective, and implementation
often requires some accountability at the local level. Simple technological solutions, coupled with
strictly enforced changes in incentive structures, can overcome obstacles of cost (Duflo, Hanna,
and Ryan (2012)). However, in some cases, implementing the necessary technology or enforcing
the proper incentive structures may be too expensive.3 In these cases, finding low-cost, local-level
monitoring and enforcement mechanisms becomes more pressing. Bjorkman and Svensson (2009)
demonstrate that community-level disciplinary actions, encouraged by NGOs, effectively improved
service delivery by public health providers in the context of Uganda. Our study contributes to the
understanding of how informal monitoring and enforcement mechanisms operate and what is the
resulting benefit.
The rest of the paper is organized as follows. In Section 2, we discuss background on the TPDS.
In Section 3, we describe the data and provide summary statistics. In Section 4, we conduct
our benchmark empirical analysis of take-up and consider a number of mechanisms that could
explain the results. We show evidence suggesting that monitoring and enforcement differences
drive the empirical patterns. In Section 5, we develop a structural model of household demand
and shopkeeper supply for delivery of grain. In Section 6, we estimate the structural model and
use the estimates to analyze the impact on SCs of improvements in monitoring and enforcement
3

For example, there has been discussion of technological improvements that force PDS shopkeepers to have a

customer present in order to confirm the purchased quantity electronically, after which the information is transmitted
to a higher-level bureaucrat who can compare a shop’s sales to households with government sales to the shopkeeper
in order to identify corruption. However, it is still possible that the shopkeeper forces households to confirm a larger
quantity of goods than they actually purchased in order to receive anything. Whether the shopkeeper can do this
ultimately depends on local monitoring and enforcement.

5

and increases in the effective subsidy rate, as proposed in the National Food Security Bill. Finally,
Section 7 concludes.

2

The Public Distribution System

2.1

Mechanics of the Program

The Public Distribution System (PDS) is the government of India’s flagship program to combat
hunger and malnutrition. The PDS is the government’s largest instrument for targeting the poor,
consuming a large share of government resources. In 2002-03, program expenditures accounted
for more than 5% of central government expenditures, more than twice the amount spent on
education (Kochar (2005)). In the PDS, the central government procures grains from farmers and
sells it to state governments at the “central issue price”. From this point, the state government is
responsible for distributing grains (and potentially other select goods) to government-licensed “Fair
Price Shops”, using either government agents or private agents. Eligible households are entitled to
buy grains and other select items from these shops at a below market rate, where the rate for grains
is set by the state government as a mark-up on the central issue price.

4

Rice, wheat, sugar and

kerosene are made available through this system, which currently has a network of over 450,000
shops across India. In 1997, the government modified the program, creating the present Targeted
Public Distribution System (TPDS) which is an explicit anti-poverty strategy.
Under the TPDS, states are mandated by the central government to periodically identify belowpoverty-line (BPL) families, subject to a centrally-imposed cap on the total number of BPL families
in each state. The central government then allocates grains to the states based on the number of
BPL families, with the central issue price for BPL allocations being roughly half that for abovepoverty-line (APL) allocations (Rs 3.5/kg and Rs 2.5/kg for BPL rice and wheat, respectively).
State governments can add no more than Rs 0.5 to these prices when selling to BPL households at
the Fair Price Shop.

2.2

Criticism of the Program

The TPDS has the critical objective of improving food security and nutrition, but critics have
questioned its efficacy. A recent study suggests that for every Rs. 3.65 spent by the central
4

The mark-up is intended to consider transportation costs, storage costs, etc. No mark-up is allowed in the more

recently created sub-category of Antodaya Anna Yojana (AAY) households, a subset of BPL households.
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government, only one rupee is eventually transferred to below-poverty-line (BPL) households (PEO
(2005)). In 2003-04, families in Uttar Pradesh only consumed one-third of the total amount of grain
purchased from the Food Corporation of India (FCI) by the state. A similar fraction applied in
Madhya Pradesh, and Bihar faced an even lower fraction (Ajwad (2007)).
Despite the money spent on the PDS, malnourishment rates among Indian children and adults
are very high. Families have found alternative ways to cope with food security (Tarozzi (2005)), but
these ways may require much in the way of money or time. And these methods seem to be falling
short. One study suggests that in 1999-2000, around 233 million people were undernourished in
calorific and micro nutrient terms (Mane (2006)). Self-reported rates of hunger were also higher
among SCs/STs than others, with a rate of 5% and 6% for rural SCs/STs, respectively, as compared
with an overall rural rate of 3.3% (Mane (2006)).

2.3

Shopkeeper Decision-Making

Agents in the PDS supply chain face a strong incentive to black market PDS goods because of the
limited monitoring and enforcement in the program. While corruption could occur anywhere in
the supply chain, we focus on corruption at the level of the Fair Price Shops, which could lead to
endogenous scarcity in the amount of grain available for beneficiaries.
There is a thriving black market for goods that are otherwise designated to be sold at Fair Price
Shops, and widespread corruption in the system is well-documented. While it is often difficult to
find evidence for corruption, the PDS requires record keeping that can be used to reveal substantial
irregularities.5
According to a recent report involving shops in Delhi, a number of systematic discrepancies
have been found in these records that suggest shopkeepers siphon off goods from these shops. On
comparing the details recorded in records maintained by the shopkeepers with the cards held by
the beneficiaries, several facts come to light. There are many cases where the shopkeepers’ records
have transaction details that do not appear in the relevant cards. The dates in the records and the
5

The shop keepers are required to maintain (i) Card Register that lists the number, the name, and the type of

card for all households in the market served by the shopkeeper; (ii) Stock Register that shows the delivery of stocks
and total sales made; (iii) Daily Sales Register that reports the details of every sale including the date, card number,
card holder’s name, good purchased, and quantity purchased; (iv) Inspection Book that reports the inspection of
stocks done by the food inspectors; and (v) Cash Memo that is used to issue receipts for daily transactions. In
addition, every transaction has to be reported in the card that is issued to the beneficiary, including the date, the
good transacted, and the quantity sold.
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cards do not match for many transactions. In some cases, the card-holding beneficiaries are not
identified residents of the areas serviced by the shops. Sales are also reported for households who
do not have a card issued to them. The detailed evidence of these discrepancies in various records,
and copies of some of these records can be found in Annexure I, II, III, IV A, IV B, VIII, IX, X,
and XI of Parivartan (2004).
Moreover, these irregularities are by no means unique to Delhi. Investigations by government
authorities have uncovered large amounts of leakage in the system across India (see PEO (2005)).
Prior work suggests that up to one-third of grains are diverted from the legal PDS channels into
the black market (Mane (2006)), although recent work suggests that there have been substantial
improvements in some states (Khera (2011)).

3

Data and Descriptive Statistics

We use the 1997-98 Uttar Pradesh-Bihar Survey of Living Conditions (SLC), modeled after the
World Bank’s Living Standard Measurement Study (LSMS) data. These data consist of household
surveys and village surveys undertaken between December 1997 and March 1998, shortly after the
initiation of the targeting in the TPDS. The SLC covers 120 villages in UP and Bihar, with 15 or
30 households sampled in each village. There are data on 2250 households in total. We restrict
our analysis to the UP portion of the data, as implementation may have been lagging in Bihar at
the time. In the primary analysis, we drop households that are Muslim and villages that have a
Muslim shopkeeper. Moreover, we focus on households with BPL cards since only they are legally
entitled to grain at the special below-market TPDS rates. This leaves 335 households in our main
sample. We refer to the Fair Price Shops operated under the PDS as PDS shops in the rest of the
paper.
The household and village surveys provide a rich set of information. Among other important
characteristics, the data also contain information on whether the household is included on the
village BPL list, the take-up of each of the four PDS goods (rice, wheat, kerosene, and sugar),
prices paid at PDS shops, the distance to PDS shops, knowledge of entitlements, and crude selfreported measures of quality relative to market quality.
6
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From the village-level data, we use

The household survey allows us to distinguish between households that are on the BPL list and households that,

in addition, have their new BPL card. Not all households on the list have a card, because the process of handing out
cards was in progress during the time of the survey. While it is difficult to know if it is more informative to focus
on ownership of a card, rather than being on the list, we assume for the remainder of this paper that being on the
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information on caste composition, total number of households, the location of the PDS shop, the
caste of the Pradhan, and the caste of the PDS shopkeeper. In villages without a PDS shop, we do
not have any information on the PDS shopkeeper or the shop.7 Appendix A provides more details
about the sample.
Summary statistics for the SLC are reported in Tables 1, 2, and Appendix Tables 1 and 2.
Table 1 provides summary statistics for basic household characteristics used in the analysis. Approximately 60% of the sample consists of SC households, while there are very few Upper or Middle
Caste (UMC) BPL cardholders. In results not shown here, we verify the results of Kriesel and Zaidi
(1999), who show that even after conditioning on BPL criteria, SCs are much more likely to obtain
BPL cards than other households. Almost 70% of the sample has a PDS shop in their village, and
of those responding, only 42% have the shop in their tola (neighborhood). On average, households
live approximately 21 minutes away from their PDS shop. The largest share of households face a
Backward Caste (BC) shopkeeper, but about 25% faces a SC shopkeeper. A quarter of households
face a shopkeeper of their own (broad) caste category.8
In Appendix Table 1, we report the quantities of PDS goods purchased. Three points are worth
highlighting. First, grain purchases (and, to a lesser extent, sugar purchases) are less common than
kerosene purchases. Second, grain and sugar are often deemed worse than market quality.9 Third,
there is very little variation in prices charged, regardless of good.
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We also observe that the vast

majority of households purchase the entire entitled quantities of 3 kg of rice and 7 kg of wheat in
results reported in the appendix. Appendix Table 2 compares the characteristics of villages with
SC shop keepers and non-SC shopkeepers. Villages with SC shopkeepers tend to have a higher
proportion of SCs in the village, are more likely to have a SC Pradhan, and are much more likely to
have the largest share of households be SC. However, these differences are imprecisely estimated.
An important observation is that villages with SC shopkeepers have more BPL card holders, and
this difference is statistically significant at the 1% level.
list is the key attribute and having a card is more of a technicality. Kriesel and Zaidi (1999) also focus on the list,
saying “In all villages we visited, the fact that a household’s name was included on the BPL list entitled it to make
purchases from the PDS shop, regardless of whether or not it had actually received the card.”
7
If every village in a district were sampled, we could use the names and location of villages to infer information
about the PDS shop frequented by every household in villages without a shop. However, due to the random sampling
of villages, this is not necessarily possible in our case.
8
We define caste categories as Scheduled Castes (SC), Backward Castes (BC), Upper and Middle Castes (UMC),
and Muslim.
9
Since kerosene is not legally sold on the market, it is not feasible to compare to market quality.
10
While the standard deviations for quantities are higher, in the case of grain this is driven by extreme values.
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Table 2 examines how SCs differ depending on whether they face a SC shopkeeper or a non-SC
shopkeeper.

11

In the first four rows, there is some indication that SCs facing SC shopkeepers are

poorer than those facing non-SC shopkeepers, but none of these differences are statistically significant. Moreover, those in SC shopkeeper villages actually appear to be more educated on average.
The large differences emerge when comparing measures of SC economic or political dominance. In
villages with SC shopkeepers, SC households are more likely to be the plurality caste, more likely
to be the same caste as the village Pradhan, and more likely to have a SC sub-caste be the village’s
largest sub-caste and land dominant sub-caste.
The remaining rows of the table speak to the households’ relationship to the PDS. The data
contain information on the largest caste (by population) in the tola where the PDS shop is located.
With a SC shopkeeper, SC households are much more likely to have SCs dominate the tola of the
PDS shop. Moreover, SCs are more likely to be close to the PDS shop with a SC shopkeeper. Both
of these facts begin to suggest that having a SC shopkeeper may confer monitoring advantages to
SCs relative to other castes. The last three rows show that take-up of grain, sugar, and kerosene
are all significantly higher with SC shopkeepers.

4

Empirical Analysis

We saw in Table 2 that take-up of all goods is higher for SCs when they face a SC shopkeeper. In this
section, we conduct our benchmark analysis and use the emergent results to distinguish between
competing models that could explain the influence of shopkeeper caste on SCs’ take-up of PDS
goods. In comparing SCs who face SC shopkeepers versus those who face non-SC shopkeepers, the
main empirical concern for interpretation is that the caste of the shopkeeper may be endogenously
chosen. For instance, in villages where SCs are politically pivotal, leaders may direct lucrative
bureaucratic posts (e.g. PDS shopkeeper) and available PDS goods toward SCs.12 The 72nd
amendment of the constitution reserved positions of village council head for SCs in 1992. In Uttar
Pradesh, for the same villages, PDS shopkeeping was also reserved for SCs. Uttar Pradesh also had
village council elections before the data were collected so that the council heads in villages reserved
for SCs were officiating. While we do not have data on the tenure of the PDS shopkeepers, we could
potentially use the determinants of reservation of council seats for SCs as instruments to address
the endogeneity problem. As Anderson (2011) shows, the SC population in these villages has been
11
12

Villages with Muslim shopkeepers and without information on shopkeeper caste are dropped.
We explore these and other mechanisms in the section on alternative channels below.
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historically very stable. In Table 2 above, we do observe that the plurality of SC population, which
was the criterion used to reserve council seats, is positively related with having an SC shopkeeper.
Also, having an SC Pradhan (or council head) is positively correlated with having a SC shopkeeper.
We do not use plurality of SC population as an instrument because in our application, the
population share of SCs can have an independent effect on take-up. Villages with a larger presence
of SCs may face higher monitoring and enforcement costs, if higher-level bureaucrats pay less
attention to these villages. Queues may be longer in these villages, since SCs tend to have greater
access to BPL cards and may have greater reliance on public services regardless. Thus, we control for
share of SC population in our structural relationship for take-up rather than using an instrumental
variable approach.
In providing an explanation for our results that relies on informal monitoring and enforcement,
our identifying assumption is that conditional on population of SCs, caste of the village Pradhan
and the village’s largest and land dominant sub-caste, the variation in the village PDS shopkeeper’s
caste is plausibly exogenous to unobservable components of households’ preferences and costs of
PDS access. We also explicitly address several endogeneity concerns in the discussion below, and
cast doubt on alternative explanations for our results.
We illustrate our main findings in Figure 1. For each good – grains (rice or wheat), sugar, and
kerosene – we graph the proportion of households that purchase the good in the prior month. The
top panel refers to SC households, and the bottom panel refers to non-SC households. For each good,
we show take-up when a household’s PDS shopkeeper is SC and when the shopkeeper is not SC. We
restrict ourselves to BPL households (who are legally entitled to grains at below market rates). It
is clear that the take-up of grain is higher among SCs when they face an SC shopkeeper, increasing
from about 49% with a non-SC shopkeeper to about 76% with a SC shopkeeper. The same is not
true for non-SC households, who actually have lower take-up when facing a SC shopkeeper. SCs’
differential benefit from SC shopkeepers is positive but smaller for sugar, and less than 4 percentage
points for kerosene.13
We formalize these results with the following empirical specifications for take-up of grain, sugar,
13

These results do not use survey weights. Muslim households and households with Muslim shopkeepers are not

included in order to focus on the Hindu caste pairings. In a SURE regression of a dummy for take-up of each good
on a SC dummy, a SC shopkeeper dummy, and the interaction of the two dummies, the interaction effect is positive
and significant for grain. While the effect is statistically indistinguishable from the interaction effect for sugar, it is
statistically different from the interaction effect for kerosene.
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and kerosene.
Yiv = α + βSiv + γBiv + ηSiv Biv + iv

(1)

Where Yiv is an index for take-up of the subsidized goods ( grain , sugar or kerosene). Sv is
an indicator which takes value 1 if the shopkeeper of the village belongs to a scheduled caste, Biv
is an indicator which equals to 1 if the buyer household is a Scheduled Caste household, and iv
is the error term. The coefficient η on the interaction term is the parameter of interest. We refer
to this as the caste pairing effect or caste interaction effect. If we were to use a linear probability
model, η would be a difference-in-difference coefficient. However, since take-up is a binary variable,
we instead use a probit model to estimate Equation 1.14 Because of our non-linear specification,
η cannot be interpreted as the usual difference-in-difference parameter. Therefore, we explicitly
calculate and report the following difference for every specification we run:

∆ = [P r(Y = 1|keepSC, SC) − P r(Y = 1|keepN otSC, SC)]
− [P r(Y = 1|keepSC, N otSC) − P r(Y = 1|keepN otSC, N otSC)]

where the first term equals the take-up of SC buyers when they face an SC shopkeeper minus
their take-up when they face a non-SC shopkeeper, and the second term equals take-up of non-SC
buyers with a SC shopkeeper minus their take-up with a non-SC shopkeeper. That is, ∆ indicates
SC households’ differential gain from having a SC shopkeeper.
We carry out several robustness tests below. A robust finding is that, once controls are included,
the caste interaction effect is positive and statistically significant for grain, but not sugar and
kerosene. We provide evidence that caste-based monitoring/enforcement can explain the empirical
patterns we observe. We consider a number of alternative hypotheses that could explain these
results. In a variety of tests of these hypotheses, we do not find empirical support for these
alternate channels.
14

15

We have also run linear probability models, but we prefer the probit specifications because average take-up of

kerosene is quite high, so that predicted values may be more likely to fall outside the unit interval.
15
Throughout, we display results that use survey weights and do not include Muslim households or villages with
Muslim shopkeepers. However, in each section we comment briefly on how the results change when weights are
dropped or Muslim households/shopkeepers are included.
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4.1

Results and Robustness Checks: Take-Up

Table 3 formalizes the results from Figure 1 and tests their robustness to adding controls and
making methodological changes that account for a large class of omitted variables bias concerns.
We estimate a number of specifications of Equation (1). Each panel contains empirical models for
take-up of the three goods (grain, sugar, and kerosene), restricting the sample to BPL households
in villages that have a PDS shop. Within each panel, the first two columns are standard probit
models, the third column is a random effects probit model with random effects at the village level,
and the fourth column is a fixed effects logit model with fixed effects at the SC Shopkeeper-SC
Pradhan-Survey Stratum level. For the probit models, we include the implied estimate of ∆ at the
bottom of each column.

16

We highlight the suitability and limitations of each approach in the

following discussion of our results.
Columns 1, 4, and 7 of Table 3 show the results for the most basic specification with only a
SC buyer household dummy, the SC shopkeeper dummy, and the interaction of the two (the caste
pairing effect). Standard errors are clustered at the village level. For both grains and sugar, the
caste pairing effect is positive and significantly different from zero; for kerosene, it is not.17 This
implies that for grain and sugar, SC buyers benefit more than non-SCs from having a SC shopkeeper.
The bottom row shows the estimates of ∆, which suggest that the SC buyers’ differential benefit
from having a SC shopkeeper is very large for grain, approximately 54 percentage points.
Several endogeneity concerns might arise in interpreting this as the effect of having a SC shopkeeper on take-up. First, omitted household characteristics can be confounding the results. One
possibility is that in areas where SCs are the poorest – and consequently most dependent on the
PDS for food – they mobilize to ensure that there is a SC shopkeeper. In other words, wealth determines food take-up and is correlated with the interaction of interest. Second, caste-based residential
segregation results in pairings of SC households with SC shopkeepers such that the distance to the
PDS shop is reduced. Third, pairings of SC households with SC shopkeepers may be occurring in
places where SCs are more politically powerful. In these examples, it is plausible that kerosene
16

Note that here the other covariates matter for the size of the effect because of the non-linear models. In speci-

fications including other covariates besides the household and shopkeeper caste, we evaluate ∆ for a household with
zero land, no assets, no pucca housing, primary schooling, more than 0.5 km from the PDS shop, not the same caste
as the Pradhan, not the plurality caste, not a land dominant caste, and with the average share of SCs in the village.
17
When Muslims are added with weights, the grain effect remains significant at the 1% level. Without weighting,
the grain effect is positive and significant with a P-value of 0.02 (without Muslims) or 0.052 (with Muslims). For
sugar, the effect becomes insignificant at the 10% level when weights are removed or when Muslims are added.
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take-up is not positively associated with the omitted variable. In the first case, kerosene may be a
luxury good relative to food items. In the second case, PDS entitlements of grain and sugar may be
more difficult to carry than kerosene. And in the third case, SCs may have a differentially higher
demand for food products because of their greater poverty.
Columns 2, 5, and 8 of Table 3 address such concerns. In addition to the caste variables, these
specifications controls for a rich set of characteristics that might be correlated with the interaction
term. These include land holdings, type of housing structure, education dummies, a dummy variable
indicating whether the household is less than 0.5 km from the PDS shop, a dummy variable for
whether the household’s caste forms a plurality in the village, a dummy for whether the household
is the same caste as the Pradhan, a dummy for whether the household’s caste has a sub-caste that
has the highest land ownership in the village, and the share of households in the village that are
SC. For grain, we continue to find a positive interaction effect that is significant at the 1% level.
As indicated in the bottom row, ∆ remains similar, at around 55 percentage points. For sugar, the
P-value of the interaction effect increases to 0.111 and ∆ falls.18 For kerosene, the caste pairing
effect is negative and insignificant at the 10% level.19
Another concern might be that take-up is strongly correlated among households within villages,
perhaps because all households within a village see the same queues at the PDS shop, or they see
the same market prices for goods. If villages with many SCs and an SC shopkeeper just happen
to have higher market prices for grain in our sample (even though this may not be the case in the
population), we could be erroneously attributing the effect to the caste pairing. We address this
type of concern in Columns 3, 7, and 11 of Table 3. These columns use random effects probit models
of take-up with random effects at the village level. The village level random effects would control
for village specific heterogeneity that may account for the correlations described above. The results
are robust to controlling for village level random effects. For grain, we see that the coefficient
estimate for the interaction term remains positive and significant at the 1% level, though ∆ falls
slightly to about 52 percentage points. For sugar, the caste interaction effect is not significantly
different from zero, and the same is true for kerosene.
18

20

The limitation of random effects models

With Muslims and/or without weights, the grain effect is still significant at the 5% level or better. For sugar,

the interaction effect is not significantly different from zero at the 10% level in the case without weights and in the
cases with Muslims.
19
Without weighting (and with or without Muslims) the effect is also statistically indistinguishable from zero for
kerosene.
20
For grain, the P-value is 0.038 without weights. With Muslims added, the P-value is 0.093 (without weights) or
0.022 (with weights). The conclusions for sugar and kerosene are not affected by weights or the inclusion of Muslims.
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is that the random effect is assumed to be uncorrelated with the included covariates.
Another class of concerns is that SC shopkeepers are chosen for unobservable reasons involving
village leaders’ political desire to ensure households access to PDS grain. Since BPL cards are
directed toward SC households as discussed earlier, it may be natural to direct the bureaucratic
post serving BPL cardholders to a SC. To address this, we use fixed effects logit models with fixed
effects at the SC shopkeeper-SC Pradhan-Survey stratum level. The results in Columns 4, 8, and
12 confirm the earlier results: The caste pairing effect is significantly different from zero at the 1%
level for grain, but the effect is not statistically distinguishable from zero at conventional levels for
sugar or kerosene.2122
A final concern might be that the purchases of grain, sugar, and kerosene are not being treated
jointly above. Many households may purchase these goods simultaneously.23 Appendix Table 3
addresses this by estimating a model of take-up of all three goods that allows for the unobserved
errors for each good to be correlated with one another. The basic patterns continue to hold up. For
grain, the caste interaction effect remains positive and significant (still at the 1% level), and the
magnitude of ∆ is in the same range as before. The bottom line of the table presents the P-values
from the test that ∆ for each good is different from ∆ for grain. The marginal effect for grain is
significantly different from that for kerosene, though not from that of sugar. Nevertheless, the most
important point is that even when we allow for the errors to be correlated across goods, the caste
interaction effects are not significantly different from zero for sugar or kerosene.24
These tables beg the question: Why is the take-up of grains larger for SC buyers when they
face SC shopkeepers relative to non-SC shopkeepers, whereas having an SC shopkeeper does not
21

Without weights, the P-value for grain rises to just 0.060 (without Muslims) or 0.102 (with Muslims). With

Muslims and weights included, the effect is significant at the 1% level. The conclusions for sugar and kerosene are
not affected by weighting or the inclusion of Muslims.
22
We have tried fixed effects logit specifications with village fixed effects, and the caste pairing effect is no longer
significant at conventional levels in this case. However, we find these specifications unreliable because they remove
a substantial portion of the data, 10 villages in total. In particular this removes 10 of the 38 households that are
SC with SC shopkeepers (7 from one village, and 3 from another), and all 10 of these households purchase grain. It
also removes 32 of the 108 SC households that face a non-SC shopkeeper (spread over 8 villages), and only 9 of these
households purchase PDS grain.
23
This may not always be the case, however. In one village observed by the authors in Uttar Pradesh, the PDS
shop sold kerosene on a particular day without selling other goods that day.
24
Without weights, the grain caste interaction effect is significant at the 1% level, the sugar effect is significant at
the 10% level, and the kerosene effect is insignificant. When Muslims are included, only the grain effect is significant
at the 10% level (P-value of 0.020 without weights, P-value of 0.004 with weights).
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affect take-up of grain in the same way for other castes? In the subsequent sections, we explore
various possible mechanisms and provide evidence to show that caste plays out as a monitoring
and enforcement device.

4.2

Role of Monitoring and Enforcement

The patterns observed in our data are consistent with a hypothesis that caste for SC households
serves as an informal monitoring and enforcement mechanism. In this sub-section, we substantiate
this hypothesis. In the following sub-section, we also explore a variety of other mechanisms that
could explain why we see a robust caste pairing effect for grain, but not one for sugar and kerosene.
None of these alternate explanations is compelling.
The mechanism for monitoring and enforcement would work as follows: When SCs face SC
shopkeepers (or non-SCs face non-SC shopkeepers), the caste alignment makes it easier to monitor
the shopkeeper’s performance, the households will pay less in monitoring costs to obtain evidence of
shopkeeper misbehavior and will therefore obtain such evidence more often, and the PDS shopkeeper
will then feel more compelled to serve those households. This makes little difference when the cost
of monitoring is low to begin with – for instance, when a household lives close to the PDS shop or
when all other households in the village are also monitoring so that information is easy to acquire.
But it could make more difference when the cost of monitoring is high to begin with – for instance,
when fewer people are entitled to the PDS good in question, so that information is relatively difficult
to acquire. This could explain why the caste interaction effect exists for grain and why it does not
exist for sugar and kerosene.
To test this hypothesis, we examine heterogeneity in the caste interaction effect in Columns 1
and 2 of Table 4. This table uses the same set of controls as the full set of covariates in Table
3, but we only report the coefficient estimates for the relevant subset. The first column interacts
the SC shopkeeper-SC household interaction with the dummy variable for being within 0.5 km of
the shop. Limited variation prevents us from employing the fully interacted model. The second
column uses time it takes to go home from the PDS shop instead of distance, and includes the
full set of interactions between the SC household dummy, the SC shopkeeper dummy, and time to
the shop. If the reasoning above is true, then we would expect that households’ that enjoy low
monitoring costs for grain to begin with by being close to the PDS shop, will benefit less from the
caste interaction effect.
The results bear out this prediction. In Column 1 we see that households that are further than
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0.5 km from the PDS shop have a significantly larger caste interaction effect.25 In Column 2 we
see that as households get further from the PDS shop in terms of time, the caste interaction effect
becomes larger. Hypothesis tests using different times show that the caste interaction effect is not
significantly different from zero at 5 minutes, but is significantly different from zero at 20 minutes
(P-value of 0.003), and 35 minutes (P-value of 0.024), with larger magnitudes at the larger times.26
The monitoring/enforcement hypothesis also suggests that having a higher proportion of households that are eligible for a good and thus seeking information about it should lower monitoring
costs for everyone and thereby increase take-up. In Column 3 of Table 4 we examine this issue by
including the fraction of sampled households in the village who hold BPL cards, since only BPL
card holders are entitled to subsidized grains. In addition, we include the log of the total number
of households in the village, which is important since larger villages may have differential access
to BPL cards and differential demand for PDS grain (because of, for example, queues). We also
include the share of village households that are BC. Since UMCs are unlikely to hold BPL cards, a
higher share of BPL cardholders in a village is correlated with a lower share of UMCs; by including
the share of BCs, we can roughly control for the share of UMCs.
The results in Column 3 show that a higher fraction of BPL cardholders is associated with
significantly higher take-up.27 We are estimating the true share of BPL households using just 15 or
30 households, so that there is potentially substantial sampling error which makes the interpretation
of these estimates more challenging. A higher fraction of BPL households could also simply reflect
better public service delivery more generally. To address this issue, we estimate similar specifications
for sugar and kerosene. We find that the estimated BPL share is only positive and significantly
different from zero in the one kerosene specifications with weights, where Muslims are included.
In the other three kerosene specifications and all four sugar specifications, the BPL share has an
insignificant effect.
So far, we have not used data from BPL households in villages without a PDS shop. However,
if monitoring is an important feature of take-up, we would expect that monitoring costs would
be much higher – and hence take-up would be lower – if the PDS shop were in a different village
from the household. Column 4 of Table 4 speaks to this hypothesis. We include a dummy variable
25
26

This result does not depend on weighting or the inclusion of Muslims.
Regardless of weighting or the inclusion of Muslims, the caste interaction effect is not significant at 5 minutes,

but becomes significant at 20 minutes and 30 minutes. Interestingly, a similar pattern holds for sugar, but only when
weights are used.
27
This conclusion is robust to dropping weights, but not to including Muslims.
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indicating whether or not the village has a PDS shop. For all variables including the caste of the
shopkeeper, we simply set these to zero when the village does not have a PDS shop. In addition,
Column 4 includes the estimated share of BPL households in the village, the SC population share,
the BC population share, and the log of the total number of village households. If monitoring is
important, we expect that both the indicator for the shop being in the village and the estimated
share of BPL households in the village will carry a positive sign. The results show this is indeed
the case. All four variables that may involve reductions in monitoring costs for grain delivery –
the caste interaction, closeness to the PDS, whether the village has a PDS shop, and the share of
households that are BPL – carry the expected signs and are statistically significant at conventional
levels.28 Interestingly, for sugar only one of the four factors – not having the shop in the village
– has a significant association with take-up. For kerosene, none of the factors has an association
with take-up that is statistically distinguishable from zero.29
Thus far, we have stressed the role of monitoring in take-up. However, enforcement may also
be playing a role. For instance, an alternate and potentially complementary way in which the
share of BPL card holders could matter is that it increases enforcement. Shopkeepers may be
more likely to black market a good that is only demanded by a small fraction of people in the
village. As a result, when the fraction of people eligible for the goods increases, the probability of
being punished conditional on detection of black marketing increases.30 The shopkeeper responds
by black marketing less. Differences in monitoring costs – through, for example, caste networks –
may have a greater impact when enforcement is low. In this way, both mechanisms for a higher
share of eligible beneficiaries to affect take-up – a decrease in monitoring costs or an increase in
enforcement – can help explain the presence of a caste interaction effect for grains, but not for
sugar and kerosene.
The caste interaction effect itself could result from both informal monitoring and informal
enforcement. The remaining column of Table 4 shows a potential role for enforcement. There,
we replicate the standard specification for grain take-up, but now include a full set of interactions
28

Without weights, the caste interaction effect is no longer significant at the 10% level, whether or not Muslims are

included. When Muslims are included with weights, the caste interaction effect is again significantly different from
zero. The fraction of BPL households is no longer a significant determinant of take-up when Muslims are included,
with or without weights.
29
For sugar, this only holds true when Muslims are not included. For kerosene, the conclusion holds true regardless
of weighting and inclusion of Muslims.
30
In addition to reporting the misbehavior to the vigilance bureau, networks may rely on social sanctions to punish
the members of their own castes.
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between land owned, the SC household dummy, and the SC shopkeeper dummy. Households with
more land could have more leverage over the shopkeeper because of financial ties or political sway.
The results in Column 5 show that the caste pairing effect indeed grows in size with land ownership;
in other words, wealthier households actually see a larger caste pairing effect. Households with zero
land see a statistically insignificant caste pairing effect. The effect is statistically significant when
land is 1 acre (P-value of 0.002), 3 acres (P-value of 0.004), and 5 acres (P-value of 0.012).31
Disentangling monitoring and enforcement is not feasible with our data. Shopkeeper decisionmaking will depend on the expected punishment for not serving an individual properly, and the
expected punishment involves both monitoring (the probability of detection) and enforcement (the
punishment, conditional on detection). Consequently, any attempt to disentangle monitoring and
enforcement while using just information on grain take-up will depend almost entirely on functional
form assumptions. Therefore, we do not attempt to distinguish clearly between monitoring and
enforcement here. This is a very promising avenue for future research.

4.3

Alternative Channels

We discuss a number of alternative channels that could potentially explain our basic results, but find
the evidence for these channels less convincing than the evidence for the monitoring/enforcement
channel.
4.3.1

Elite Capture

Given previous work in India, a compelling possibility is that elite capture is occurring: In villages
where SCs are strong, a SC shopkeeper is selected and goods are channeled toward SCs; when
SCs are weak, a non-SC shopkeeper is selected and goods are channeled toward non-SCs. The
implication of this elite capture explanation is not that members of all castes in SC shopkeeper
villages have a higher probability of take-up,32 but rather that SC shopkeepers direct goods to SC
households to satisfy political pressures.
Given the results above, this explanation seems unlikely. We control for proxies of household
political or economic power in the village including plurality of caste, and land dominance. Moreover, PDS grain is widely considered an inferior good, whereas sugar and kerosene may not be.
The results in Table 3 pan this out: the coefficient on whether households have a pucca house
31

Similar conclusions apply without weights. When Muslims are included, the caste pairing effect is significant at

1 acre, but not 0, 3, or 5 acres.
32
This can be accounted for in part by using the random effects probit model.
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(better quality) is insignificant for grain, but positive and significant for sugar and kerosene; and
the coefficient on land in the equation for grain take-up is negative and significant. Thus, if elites
were to capture a PDS good, it would likely be sugar or kerosene, and we have already seen that
the caste interaction effect is not positive and significant for sugar and kerosene.
The first two columns of Table 5 test this explanation in an alternative way, by including
interactions of the SC household dummy with proxies for SC political power (whether or not the
Pradhan is SC and share of the village that is SC). We discuss these tests, which do not show
evidence that elite capture alone is driving our results, in the appendix.
4.3.2

Taste-Based Discrimination

Another potential explanation is that SC shopkeepers favor SCs and non-SC shopkeepers favor nonSCs in a simple case of taste-based discrimination. However, this by itself is insufficient to explain
the patterns we are seeing in the data above. Taste-based discrimination by shopkeepers – with
no other differences across castes – should result in positive caste pairing effects for all goods, not
just grain. Even looking just at the raw data, it is clear that transactions between SC households
and non-SC shopkeepers do occur. Of the SCs with BPL cards in villages with a PDS shop and a
non-SC shopkeeper, 58 did not purchase grain. Of these, 36 still purchased kerosene and 17 still
purchased sugar from the same shopkeeper that they did not purchase grain from. These facts are
not consistent with a pure taste-based discrimination story.
4.3.3

Selective BPL Allocation

Another possibility is that in villages with SC (non-SC) shopkeepers, local authorities are better
able to identify which SC (non-SC) households will make use of BPL grain benefits. Since we are
conditioning on BPL status, this means that a positive caste pairing effect could emerge purely
because of selection into BPL status. Villages run by a SC Pradhan may have better information
about which SCs will use benefits and this may tend to occur in the same places where there are
SC shopkeepers.
In order to address this, we add controls for whether or not the Pradhan is SC, and an interaction
of this dummy with the SC household dummy in Column 1 of Table 5. The results show that the
caste pairing effect continues to be significant. Moreover, the estimated effect of having a SC
Pradhan on SCs is actually negative (though neither the SC Pradhan dummy or the interaction
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with the SC dummy are significantly different from zero).33 If selective BPL allocation were the
explanation, we would expect the coefficient to be positive. An additional test that rules out this
explanation is discussed in the appendix.
4.3.4

Stigma

Since PDS grain is a relatively undesirable good, it may be the case that SCs face stigma when
purchasing grain from non-SCs (and vice versa). This could explain the positive caste pairing effect
for grain, but not for sugar and kerosene.
To explore this channel, we use a more detailed set of caste pairings in Column 3 of Table
5. The omitted category consists of UMC households. The notable observation is that the BC
shopkeeper/BC household coefficient is not statistically significantly larger than the UMC shopkeeper/BC household coefficient in any specification. At the same time, the SC shopkeeper/SC
household coefficient is statistically significantly larger than the UMC shopkeeper/SC household
coefficient in every specification, with the magnitude of this difference larger than the gap between
SC shopkeepers and BC shopkeepers for SC households. So for the stigma story to be true, it must
be the case that SCs face stigma most intensely with UMC shopkeepers, and that BCs do not face
stigma with UMC shopkeepers. We find this unlikely.34
4.3.5

Credit Provision

Another possibility is that SCs are liquidity constrained and cannot come up with the cash necessary to purchase PDS goods. SC shopkeepers may alleviate this constraint by providing credit,
with the caste ties substituting for the security of collateral. If this issue primarily affects the
lowest income SCs, then we may not see the same patterns for sugar and kerosene, since these
may be in less demand by the lowest income households. We estimate a random effects probit
specification in which our dependent variable is whether or not households received credit for food
from the shopkeeper. We find a positive and significant caste pairing effect for credit, so that SCs
differentially obtain more credit for food from SC shopkeepers.35 This lends support to the premise
of this explanation.
33
34

The same is true when Muslims are added or weights are not included.
Additionally, the results indicate that the BC shopkeeper/BC household coefficient is statistically indistinguish-

able from the SC shopkeeper/BC household coefficient, regardless of the use of weights or inclusion of Muslims. This
is also inconsistent with the stigma explanation.
35
The effect is not statistically significant without weights, but is significant when Muslims are included (with and
without weights).
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Therefore, we assess whether credit is driving grain take-up differences. In Column 4 of Table 5,
we run the same model for grain take-up as in Column 3 of Table 3, but now we control for whether
or not the household has received credit to buy food from the shopkeeper. The caste pairing effect
remains statistically significantly different from zero at the 1% level and ∆ continues to be large,
at 0.507.36 Therefore, it appears unlikely that credit is driving the caste pairing effect.
4.3.6

Knowledge of Entitlements

The SLC was administered only shortly after the PDS was revamped into the TPDS. For this
reason, it is possible that many households are simply not aware of their grain entitlements at
this point in time. If SCs are better informed in villages with SC shopkeepers – either because
information moves more freely or because villages that select SC shopkeepers are more likely to
have leaders that disseminate information about entitlements to SCs – then the caste pairing effect
could emerge for grain, but not for sugar and kerosene.
In results not shown here, we find support for the premise of this argument. We estimate
random effects probit models identical to Column 3 of Table 3, except with a dummy variable for
whether or not the household correctly identifies the rice or wheat entitlement as the dependent
variable.

37

We find that the SC shopkeeper-SC household interaction is positive and significant

for rice and for wheat.38
To explore how this is related to the caste pairing effect for grain take-up, we estimate the
same models for take-up as before, but now include dummy variables controlling for whether or
not the household is aware of the rice entitlement and the wheat entitlement. The results appear
in Column 5 of Table 5. There, we see that take-up tends to be higher among those who correctly
identify the entitlement. The caste pairing effect remains statistically significant, with a P-value of
0.005, and the size of ∆ continues to be large.39 This suggests that information about entitlements
cannot explain the patterns we are seeing.
36

Without weights, the P-value rises to 0.054. When Muslims are included, the P-value rises to 0.040 (with weights)

or 0.127 (without weights).
37
Households that did not not visit the PDS shop in the last 30 days were not asked these questions, so these
households are dropped.
38
For rice, this is no longer true if weights are not used. For wheat, this is no longer true in the one case when
Muslims are included and weights are not included.
39
Without weights, the P-value rises to 0.046. With Muslims, the P-value becomes 0.066 (without weights) or
0.024 (with weights).
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4.3.7

Household Production

It is possible that SC shopkeepers are chosen in villages where SCs have particularly limited home
production opportunities. Even if SCs are not in charge of the village, the village leadership may
find it politically useful to grant requests for a SC shopkeeper by SCs. To better understand the
issue of home production, Table 6 regresses a series of variables related to home production on
the full set of covariates from Table 3. These variables are: the amount of grain (rice+wheat)
consumed out of home production or received as in-kind payment (these two sources cannot be
distinguished in the data); whether or not the primary source of household income is own farm
activities; land planted with grain (rice or wheat); self-evaluated price of land per acre; and percent
of land irrigated. We present only the household and shopkeeper caste coefficient estimates for the
sake of brevity.
The estimate of the interaction effects in Column 1 suggest that SCs have especially low consumption of home produced or in-kind grain when they face a SC shopkeeper.40 We observe SCs
consuming less out of home production in villages with SC shopkeepers, but it is difficult to know
whether this is because better access to PDS grain induces them to consume less out of home
production, or because lower home production opportunities induce them to purchase more PDS
grain.
Therefore, we examine characteristics of SCs’ farming opportunities that are likely to be exogenous to PDS take-up. In Column 2, we see that SCs have particularly low rates of deriving income
from own farm activities when facing SC shopkeepers.41 On the other hand, Columns 3-5 show no
evidence that SCs plant less acreage with grain, have lower land quality (as measured by price), or
have lower irrigation access in villages with SC shopkeepers.42 Therefore, there is some evidence
that SCs who face SC shopkeepers specialize less in own farm production, but no evidence that
they have poorer land or less ability to produce grain. The specialization decision may instead be
driven by factors unrelated to land quality.
In light of this, one potential explanation of our take-up results is that SC shopkeepers were
chosen in areas where SCs did not routinely specialize in agriculture. To examine whether differences
in involvement in own farm activities are driving our results for take-up, we present a random
effects probit model for take-up including the own farm activities dummy variable as an additional
40
41

The effect is only statistically significantly different from zero at conventional levels when weights are used.
The effect is only statistically significant at conventional levels when weights are used. The magnitudes are also

very sensitive to the use of weights, going down sharply when weights are not used.
42
This does not depend on the use of weights or the inclusion of Muslims.
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control.43 If limited household production opportunities are driving the results, we would expect
the caste pairing effect to become statistically insignificant and the coefficient on the “own-farm”
dummy to be negative and significant. The results appear in the last column of Table 5 and do
not corroborate this story. The caste pairing effect remains positive and statistically significant
with a P-value of 0.003, though the size of ∆ falls to 0.496. Moreover, the coefficient on own farm
activities is not statistically different from zero at conventional significance levels.44 This suggests
that the caste pairing effect is not simply being driven by selective placement of SC shopkeepers in
places where SCs have limited household production opportunities.

4.4

Summary

To sum up, the alternate channels we have examined are inconsistent with the empirical evidence.
We believe that only caste-based monitoring and enforcement can plausibly explain the evidence
we have seen thus far. In the next section, we develop and estimate a structural model in order to
quantify the welfare impact of this informal monitoring and enforcement device.

5

Structural Model and Estimation Procedure

The first sub-section describes the model, and the second presents the likelihood function used in
maximum likelihood estimation.

5.1

Model

We model the household-shopkeeper interaction as a simple two-stage game. In the first stage of
the game, the household chooses whether or not to buy grain from the PDS shop and how much
effort to exert in monitoring the shop. More effort translates into a higher probability that the
43

We also estimate models that additionally include the amount of home-produced/in-kind receipt of grain as a

covariate. Such a specification is difficult to interpret as discussed above. The quantity of home produced/in-kind
grain consumed is a choice of the household, and could be caused by better access to the PDS. Nevertheless, the
caste pairing effect remains statistically significantly different from zero, with a P-value of 0.003 and an implied value
of ∆ of 0.484. Without weights, the P-value rises to 0.039. With Muslims, the P-value is 0.100 (without weights)
or 0.022 (with weights). The amount of home produced/in-kind grain never carries a coefficient that is statistically
significantly different from zero.
44
Without weights, the P-value of the caste pairing effect becomes 0.036. With Muslims, the P-value is 0.094
(without weights) and 0.022 (with weights). The coefficient on own farm activities is never significantly different
from zero at conventional significance levels.
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shopkeeper will get caught and disciplined if he does not serve the household. In the second stage of
the game, the shopkeeper observes the chosen level of effort and the household decision of whether
to purchase grain, and then decides whether to sell to the household. In making this decision,
the shopkeeper trades off the gain from black marketing the good with the expected punishment
of doing so. While the expected punishment may involve the revoking of a shopkeeper’s license,
there is reason to believe that district and village officials generally use other mechanisms, including
increases in requested bribes.45 Our model focuses on these other mechanisms of punishment.
Beyond the structural assumptions about household utility functions and monitoring technology,
the model uses two key simplifications: (1) The model considers only grain provision and is static;
and (2) Shopkeepers provide the full grain entitlement if they serve a household, and households
demand the full grain entitlement if they purchase any PDS grain. The first simplification is due
to our narrow goals for this exercise and data limitations; we leave a more general model for future
work. The second simplification is motivated by a clear regularity in the data, already noted above.
In what follows, we first set out the household and shopkeeper objective functions. Then, we
discuss the solution of this simple game.
5.1.1

Households’ Utility Maximization

Let xm denote the quantity of grain purchased from the market, and xs denote the quantity
purchased from the PDS shop. D is a dummy variable taking a value of 1 if xs > 0, and 0
otherwise. All non-grain expenditures are denoted by q. The price of grain on the market and
in the PDS store, respectively, are given by pm and ps , and y denotes income. An additional net
utility gain of purchasing PDS grain is κ. The household’s choice of monitoring effort is M , and
the cost of monitoring is c. Total costs of making a purchase are given by cT , and monitoring costs
are one component of this. Finally, α, β, and ζ are parameters of the utility function and γ is the
entitled amount of grain.
The household solves the following optimization problem:
maxq,xm ,xs ,D,M
45

(xm + βxs − ζ)α q 1−α + (κ − cT )D

Kriesel and Zaidi (1999) find that the only recorded instance of a license being revoked in their area was for a

shopkeeper who claimed he was being punished for not black marketing enough goods.
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subject to:
q + p m xm + p s xs = y
q, xm , xs ≥ 0
xs ≤ γ

That is, PDS grain and market grain are assumed to be substitutes, with β < 1 meaning that PDS
grain is of inferior quality. Under the assumptions that βpm > ps and that households purchase at
least γ kg of grain overall, households choose xs = γ if they make any PDS purchase. We maintain
this assumption for everything that follows.46
The term cT plays an important role in the model. It captures monitoring costs, the cost of
going to the shop and retrieving goods, any stigma from obtaining goods, and the cost of waiting in
a queue or ensuring sufficient cash on hand to purchase goods. It is assumed to be heterogeneous
across households, with a distribution and mean parameterized below. The monitoring cost c can
be thought of as the cost required to establish that the shopkeeper is black marketing goods, register
a complaint with village or district officials, and use the evidence to substantiate the complaint.
Importantly, we will assume below that a unit of effort from one household is equivalent to a unit
of effort from another. A substantiated complaint from one household has the same impact as a
substantiated complaint from another.
5.1.2

Shopkeeper Profit Maximization

Shopkeepers must balance the incentive to sell a good on the black market with the expected cost
of turning away beneficiaries that would have purchased that good. This cost comes in the form of
a fine – this can be thought of as a bribe paid to village/district officials to retain the position or
as remuneration to households in the form of properly delivered goods in the future.
The market and PDS price are pm and ps as before, and pa is the price at which the shopkeeper
must purchase the goods from the state government (Assume pa < ps ). Let δi (M ) ∈ [0, 1) be the
probability that the shopkeeper is reprimanded from turning away household i, where δi (M ) is
46

Strictly speaking, it is possible that a household purchases no market grain and less than or equal to γ kg of PDS

grain. One household in our data reports PDS purchases of grain and does not report any grain through the market
or through home production/in-kind receipt. This household consumes the PDS entitlement for rice and wheat, and
has missing values for market purchases and home production. Given the rarity of this event, we believe it is not
driving the subsequent estimation results.
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increasing in monitoring effort M . Define f to be the fine conditional on being caught. Then we
assume that the shopkeeper chooses whether to sell to household i, Si , by solving the following
maximization problem:
maxSi ∈0,1
5.1.3

pm γ(1 − Si ) + ps γSi − pa γ − δi (M )(1 − Si )f

Subgame Perfect Equilibrium

To solve the two-stage game for the unique subgame perfect equilibrium, we proceed recursively.
First, we solve the shopkeeper’s problem and then use this solution to solve for the household’s
choice in the first stage. If the shopkeeper sells to household i, he receives γ(ps − pa ); if he
instead black markets this quantity, he receives γ(pm − pa ) − δi (M )f in expectation. Therefore,
the shopkeeper is willing to sell household i’s good through the PDS channel if and only if:
γ(pm − pa ) − δi (M )f ≤ γ(ps − pa )

(2)

If this does not hold, the shopkeeper instead sells the household’s allocation on the black market.
Next, consider the household’s decision, taking the shopkeeper’s strategy as given. The household realizes that the minimum value of M necessary to make the shopkeeper willing to sell through
the PDS is given by setting the left-hand side equal to the right-hand side in Inequality 2 above.
Denote this minimum value M ∗ . The household’s take-up decision is therefore between undertaking monitoring effort M ∗ and securing the PDS grain, or undertaking no monitoring effort and not
buying PDS grain.
More formally, define V1 (pm , ps , y, M ∗ ) to be the household’s indirect utility when xs = γ and
V0 (pm , y) to be the indirect utility when xs = 0. The household optimizes by choosing Di = 1 if
V1 − V0 > 0, and Di = 0 otherwise. We assume that δi (M ) = 1 − e−M . Then one can show that
i
h
M ∗ = log f −γ(pfm −ps ) and:
∗
V1 − V0 = αα (1 − α)1−α p−α
m [pm βγ − ps γ] + κ − cT (M )

and that the household’s choice of quantity of non-PDS grain is given by:


y
ps
xm = α
+ (1 − α)ζ − D (1 − α)βγ + αγ
pm
pm

5.2

Likelihood Function and Estimation Procedure

We first note what outcomes we observe, and then we parameterize the model and make distributional assumptions. For each household, we observe whether or not the household has purchased
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PDS grain in the past 30 days and we observe a potentially mis-measured estimate of monthly
consumption of non-PDS grain. To construct this estimate, we take the product of (1/12) and the
reported annual consumption of grain from outside purchases and from home production or in-kind
receipts. There are reports of zero outside purchases by people who claim to have gone to the PDS
shop for grain. This suggests that the outside purchases do not always include PDS purchases for
the purposes of the survey, but we cannot know this for sure.47 Denote our estimated consumption
of non-PDS grain as x∗m , whereas the true consumption in the past 30 days is xm .
Let Gi = 1 if we observe the household purchase PDS grain, and Gi = 0 otherwise. We
model the joint distribution of (Gi , log(x∗mi )), which is substantially simplified by the independence
assumption below. We assume that x∗m = xm eθG+η , where η is classical measurement error. This
simple form allows for the survey reports of market consumption to mean different things on average
for people who go to the PDS shop versus people who do not.
Next, we require distributional assumptions for the sources of error above. We assume η is
distributed as N (0, σ 2 ) and that cT has an exponential distribution with mean

1
λ

that depends on

monitoring effort, monitoring costs, and other costs as specified below. We assume that cT and η
are independent.
Finally, we need to parameterize κ and

1
λ.

We assume:

κ = κ0 log(1 + Land) + κ1 SC + κ2 SCShopkeep
c = exp(c0 (1 − SC)(1 − SCShopkeep) + c1 SC(1 − SCShopkeep) + c2 (1 − SC)SCShopkeep

1
λ

+ c3 SC ∗ SCShopkeep + c6 ShareSC + c7 ShareBC)(T ime)c4 (ShareBP L)−c5


f
= δ0 F ar + c ∗ log
f − γ(pm − ps )

Here, F ar indicates the household is further than 0.5 km from the shop, Land is land ownership
in acres, SC is a dummy for the household being SC, SCShopkeep is a dummy for the shopkeeper
being SC, ShareBP L is the estimated share of villagers who are BPL cardholders, ShareSC is the
share of village households who are SC, and ShareBC is the share of village households who are
BC. The market price and PDS price are denoted as before.
There are two important notes to make regarding the included covariates. First, we include the
SC dummy and the SC shopkeeper dummy in κ to allow for greater demand by SC households and
47

For simplicity, we assume that the separation property holds, so that consumption out of home production is

treated just like consumption from the private market.
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the selection of SC shopkeepers in villages that are poorer (and have greater demand). Second,
the role of the caste composition variables is to capture the fact that district officials may be more
responsive to complaints from villages that have a particular caste composition, or that information
about the PDS may flow differently depending on a village’s caste composition (because, e.g., UMC
households are generally without BPL cards and therefore not invested in PDS grain).
We now set out the likelihood function used for estimation, leaving the conditioning on covariates
implicit. The likelihood function used in estimation is:
Gi
∗
L = ΠN
[P r(Gi = 0)f (log(x∗mi )|Gi = 0)]1−Gi
i=1 [P r(Gi = 1)f (log(xmi )|Gi = 1)]

The conditional densities and the probability are given by the expressions:
−1
∗
2
1
√ e 2σ2 [log(xmi )−log(A(Gi ))−θGi ]
σ 2π
P r(Gi = 1) = 1 − exp(−λB)

f (log(x∗mi )|Gi ) =

where


αy
ps
A(Gi ) =
+ (1 − α)ζ − Gi (1 − α)βγ + αγ
pm
pm
α
1−α −α
B = α (1 − α)
pm [pm βγ − ps γ] + κ

We maximize the likelihood function using data from BPL households with a shop in their village.
We do not include households with a Muslim shopkeeper or Muslim households. In total, this leaves
us with 226 observations that have non-missing data for all covariates.

6

Structural Estimates, Validation, and Implications

The first sub-section below presents the estimation results. In the second sub-section, we examine
the fit of the model to the Uttar Pradesh SLC survey data, and also conduct an out-of-sample
validation exercise using SLC data from the neighboring state of Bihar. In the third sub-section,
we use the estimates to quantify the welfare impact of caste-based monitoring and enforcement, as
well as discuss the potential impact of expanding the generosity of the program.

6.1

Estimation Results

The estimation results appear in Table 7. In the first pass, we do not include standard errors.
Each panel involves a different category of parameters, ranging from preferences to the fine used to
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punish shopkeepers. First, we discuss preferences. The estimates suggest that the share parameter
α is approximately 0.24, and that grain consumption of around 24 kg is the baseline that households
meet. The estimates of β suggest that PDS grain is a close substitute to market grain, but slightly
inferior. Those with greater land ownership have less utility from consuming PDS grain, all else
equal. This should be expected, as land owners may be less reliant on outside purchases of grain in
general. In the second column, we also see that SC households are estimated to have a higher utility
gain from PDS consumption; the estimate is large, on the order of 70% of the average utility return
(the indirect utility gain, minus the cost term). Finally, SC shopkeepers may be placed in areas
with higher values from PDS goods. This is consistent with the fact that SC shopkeepers seemed
to be in villages where more BPL cards were allocated in the section on descriptive statistics.
In terms of costs, monitoring costs are estimated to increase with time and decrease with
the share of the village that has a BPL card. Villages with a higher share of SC population
or BC population have higher monitoring costs. SCs face higher monitoring costs with non-SC
shopkeepers, and non-SCs face higher costs with SC shopkeepers.
The remaining parameters relate to the fine and measurement error. The estimated fine is
approximately Rs. 40. This should be compared to a value of entitlement that is on the order of
Rs. 25, though the exact size depends on the village. The estimate of θ indicates that our measure of
grain consumption from the survey systematically over-estimates actual market purchases for those
who purchased PDS grain in the last month. This makes sense, if we think that some households
choose to report their PDS purchases as market purchases.

6.2

Model Validation- Out of Sample Test

Next, we examine the fit of the model. We examine market grain consumption and PDS grain
take-up in each of four cells defined by whether the household is SC and whether the shopkeeper
is SC. The top portion of each figure presents the fit for UP. It is not surprising that the patterns
fit the UP data well as the estimates were chosen to fit the UP data.
We perform an analogous exercise for Bihar as an out of sample check and report the results
in the bottom panel. Bihar is a very different setting from UP, and take-up tends to be strikingly
lower in Bihar. To account for this, we conduct the out-of-sample checks as follows: We increase the
fine by 20% to ensure that it is large enough that households can choose some effort level to make
the shopkeeper comply with regulations; and we add to the mean cost of take-up, a number that is
sufficient to closely match the observed overall take-up of 25.8% (within 0.3 percentage points). We
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leave all other components of the model unchanged. If the model accurately captures differences
across SC household-SC shopkeeper combinations, we consider this to provide some faith in the
validity of the model.
We use the first set of estimates and begin with Figure 2. The figure shows two columns for
each cell; the first column shows the average of our measure of actual log grain consumption, while
the second column shows the expected value of log grain consumption using the model’s parameter
estimates and household covariates. In the top panel, the model predicts these averages quite well
for UP. There are some differences for Bihar, but overall we miss the Bihar average by less than 5%.
Next, we turn to Figure 3. Within each cell, the first column shows the share of households making
a PDS purchase in the last month, while the second column shows the average of the predicted
probabilities from using the model’s estimates. Again, the fit for UP looks reasonable. The fit for
Bihar is surprisingly good, within 5-10 percentage points, though the model seems to over-predict
take-up in places with SC shopkeepers. It is difficult to know if this is because the context for SC
shopkeepers was different in Bihar or because the model is deficient, but this is worth investigating
in the future.

6.3

Welfare Implications

Finally, in this sub-section we use the model to assess the welfare implications for SCs of lowering
the cost of monitoring and enforcement, part of the reforms considered in the National Food
Security Bill. We need to choose an amount by which to change monitoring costs. Specifically, we
assess the implications of changing from a non-SC shopkeeper to a SC shopkeeper, allowing only
an effect through the monitoring cost channel. The move to a SC shopkeeper changes the return to
purchasing PDS grain; however, we ignore this portion in this exercise because this reflects selection
of SC shopkeepers in particular areas rather than monitoring costs.
To calculate welfare consequences, we use an equivalent surplus concept in the following procedure. First, we randomly draw a cost for each household 100 times, sampling from an exponential
distribution with mean given by the estimated parameters and a household’s covariates. Second,
for each of the 100 draws, we calculate the household’s indirect utility when (A) purchasing grain
from a SC shopkeeper; (B) purchasing grain from a non-SC shopkeeper; (C) not purchasing PDS
grain. Importantly, the random component of cost is kept constant across (A) and (B) for any given
household. Third, we calculate the amount of income that would have to be given to the household
to leave it indifferent when the caste of the shopkeeper is changed from non-SC to SC. Note that
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this number will be greater than or equal to zero. It will be identically zero for households that do
not purchase PDS grain when facing either type of shopkeeper. Fourth, we calculate two summary
measures of the 100 draws for each household, one that finds the mean equivalent surplus across
the 100 draws and one that takes the 75th percentile of equivalent surplus across the draws.
Figures 4 and 5 show the results in two histograms, with the top one corresponding to the mean
of equivalent surplus across the 100 draws and the bottom one corresponding to the 75th percentile
of equivalent surplus across the 100 draws. In each case, the height of each bar corresponds to
the percent of observations with values in the given bin. The weighted average of the distribution
in Figure 4 is Rs. 4.64 per month, with a standard deviation of Rs. 1.47. Figure 5, by looking
at the 75th percentile across draws for each household, makes clear that the welfare gains can be
significantly higher for any given household, given a particularly high draw of random cost. The
weighted average of this distribution is Rs. 7.73 per month, with a maximum value of over Rs.
13.48 While these numbers are numerically small, we should keep in mind that the average subsidy
amount (difference between market price and PDS price, multiplied by entitled quantity) is around
Rs. 25. Therefore, for a large number of SC households, the welfare gains from reduced monitoring
costs can be a significant fraction of the subsidy amount.
The National Food Security Bill envisions making the TPDS more generous. Given that we
have estimated the structural model, it is possible to see what the effect would be of increasing the
subsidy amount by reducing the PDS price further, and how this differs by shopkeeper caste and
household caste. We use our estimates to calculate the semi-elasticity of the probability of take-up
with respect to the PDS price and display percentiles of this semi-elasticity for each caste pairing
in Table 8.
Two facts stand out. First, a large portion of the distribution (or all of the distribution) for
each caste pairing is positive. This means that as the PDS price falls (i.e. the size of the subsidy
increases), the take-up probability falls. This occurs because the increased incentive for blackmarketing outweighs the increased incentive for households to demand goods. The size of the semielasticities are relatively large. For instance, 0.515 is the median value for the SC Shopkeeper/SC
Household pairing. This means that as the PDS price decreases by about 10% (i.e. log(ps ) changes
by 0.1), the take-up probability decreases by about 5 percentage points. The second key fact is that
48

Note that a fraction of households have a 75th percentile value of welfare gains that is identically zero, while no

households have a mean value of welfare gains that is identically zero. Households with a 75th percentile value of
welfare gains that are zero therefore have higher percentiles that are non-zero, leading to the non-zero mean for all
households.
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SCs are more negatively affected than non-SCs; one can see this by simply comparing across the
caste pairings for any given percentile. This makes clear that simply expanding the PDS subsidy
without concomitant increases in monitoring and enforcement can actually lead to lower take-up.
In this case, households that continue to make PDS purchases may be better off than before, but
households that no longer make purchases are worse off.

7

Conclusion

Subsidized food programs form an important aspect of domestic social programs and foreign aid
programs across the world. While the most vulnerable beneficiaries may be prioritized by national
governments or foreign aid donors, these beneficiaries may also be disproportionately affected by
corruption. A pressing question concerns the availability and impact of monitoring/enforcement
mechanisms in the case of these vulnerable populations. In this paper, we examine this question
in the specific setting of India’s Targeted Public Distribution System, using data collected shortly
after the introduction of the targeted program in 1997. First, we establish that caste networks
may serve as a surrogate monitoring/enforcement mechanism that can ensure access to grain for
a historically vulnerable population, SC households. Second, we use this insight to help build and
estimate a model of household demand and shopkeeper supply that features the cost of monitoring/enforcement. Third, we use the model to quantify the welfare effects of lowering monitoring
and enforcement costs for SC households, as well as the effects of expanding the generosity of the
program. In this exercise, we find that relatively important welfare gains – approximately onefifth the size of the total grain subsidy on average – result from lowering monitoring/enforcement
costs by an amount equivalent to the difference between facing a non-SC shopkeeper and facing a
SC shopkeeper. But expanding the generosity of the program can perversely lower take-up, with
mixed implications for welfare. These results have implications for India’s National Food Security
Bill, which proposes PDS reforms that increase monitoring and enforcement while increasing the
generosity of the program.
Our work has several limitations. First, we do not have explicit exogenous variation in monitoring or enforcement, so we use variation in the number of beneficiaries and caste networks to
isolate the mechanisms. Thus, we are able to provide only indirect evidence by refuting competing
explanations for the caste pairing effect. Second, we have posited a very simple model of household
demand. More complicated models may allow for larger increases in household demand as a result
of the subsidy expansion, making the negative effects of the expansion on take-up more negligible.
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Third, in the absence of any current nationally representative data which has fine details about
caste of the households, PDS purchases, and PDS shopkeeper’s caste, we use data that is from a
particularly poor section of India in 1997. Fourth, our data cannot pin down whether corruption is
happening at the level of the shopkeeper or if, instead, it is primarily higher in the supply chain, in
which case the shopkeeper would act an intermediary conduit of information in the social network.
Addressing some of these concerns are important avenues of future work.
We view this paper as an effort to illustrate the potential for local informal mechanisms to
provide significant monitoring/enforcement, a first attempt at understanding how the National
Food Security Bill may affect vulnerable populations in India, and a vehicle with which to think
about the design of subsidized food programs more generally when corruption is a threat.
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Table 1: Summary Statistics: Household Characteristics
N

Mean

S.D.

Min

Max

Land (Acres)

335

0.94

1.40

0

10

≥ 1 Asset

335

0.11

0.31

0

1

Pucca House

335

0.29

0.45

0

1

Expenditures

334

1476.72

996.98

250

7683.667

HH Size

333

5.77

2.72

1

17

No Schooling

334

0.23

0.42

0

1

Primary or Less

334

0.38

0.49

0

1

SC

335

0.60

0.49

0

1

BC

335

0.34

0.48

0

1

UMC

335

0.06

0.24

0

1

PDS in Village

335

0.68

0.47

0

1

PDS in Tola

252

0.42

0.49

0

1

PDS 0-0.5 km

334

0.44

0.50

0

1

Time to PDS (Min)

334

21.22

15.17

2

90

SC Keeper

229

0.25

0.44

0

1

BC Keeper

229

0.44

0.50

0

1

UMC Keeper

229

0.31

0.46

0

1

HH/Keep Same Caste

335

0.25

0.43

0

1

Credit from Keeper

334

0.13

0.33

0

1

HOUSEHOLD CHARACTERISTICS

HOUSEHOLDS’ PDS SHOP

38

Table 2: Summary Statistics: SC Households’ Characteristics by Shopkeeper Caste Group
Variable

Non-SC Keeper

SC Keeper

P-Value

Land (Acres)

0.90

0.82

0.803

≥ 1 Asset

0.08

0.03

0.131

Pucca House

0.25

0.32

0.453

Expenditures

1448.52

1265.95

0.304

HH Size

5.55

5.79

0.674

No School

0.30

0.24

0.475

Prim School

0.42

0.32

0.267

Plurality Caste

0.36

0.68

0.001

***

HH-Pradhan Same Caste

0.43

0.71

0.002

***

Caste of Village’s Largest Sub-Caste

0.42

0.89

0

***

Caste of Land Dominant Sub-Caste

0.00

0.18

0.006

***

Caste Same as Largest in PDS Tola

0.23

0.92

0

***

PDS 0-0.5 km

0.54

0.84

0

***

Knows Rice Entitlement

0.38

0.53

0.128

Knows Wheat Entitlement

0.48

0.61

0.178

Bought PDS Grain

0.49

0.76

0.002

***

Bought PDS Sugar

0.50

0.66

0.09

*

Bought PDS Kerosene

0.77

0.95

0.001

***

Note: *** p < 0.01, ** p < 0.05, * p < 0.1
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Stat. Sig?

40
.519***

221

(1.300)

-5.066***

(0.458)

-1.270***

(0.222)

-0.608***

(0.535)

1.018*

(0.470)

1.580***

(0.203)

0.441**

(0.625)

-1.287**

(0.418)

0.015

(0.070)

-0.190***

(0.154)

1.999***

(0.278)

0.460*

(4)

.402**

229

(0.497)

1.044**

(0.371)

-0.694*

(0.268)

-0.100

(5)

.231

228

(0.741)

-0.560

(0.308)

0.248

(0.178)

-0.248

(0.233)

0.257

(0.279)

0.468*

(0.226)

-0.267

(0.348)

-0.543

(0.231)

0.546**

(0.080)

0.000

(0.509)

0.811

(0.418)

-0.790*

(7)

.172

0.143

34

228

(0.747)

-0.378

(0.306)

0.309

(0.272)

-0.244

(0.258)

0.238

(0.234)

0.407*

(0.240)

-0.138

(0.259)

-0.454*

(0.216)

0.494**

(0.073)

0.044

(0.471)

0.583

(0.375)

-0.662*

(0.299)

0.259

Sugar

(0.296)

0.198

(6)

228

(0.994)

-1.264

(0.523)

-0.027

(0.263)

-0.495*

(0.648)

0.536

(0.613)

0.819

(0.250)

-0.262

(0.399)

-0.817**

(0.364)

0.963***

(0.110)

0.047

(0.370)

0.446

(0.414)

0.277

(8)

-.048

229

(0.466)

-0.300

(0.529)

1.269**

(0.379)

0.176

(9)

-.268

228

(1.197)

-1.905

(0.439)

-0.217

(0.232)

-0.484**

(0.241)

0.575**

(0.382)

0.202

(0.403)

-0.844**

(0.405)

-1.013**

(0.390)

1.606***

(0.152)

-0.024

(0.576)

-0.884

(0.676)

1.744***

(0.445)

0.702

-.198

0.545

34

228

(1.856)

-2.171

(0.645)

-0.394

(0.519)

-0.457

(0.496)

0.707

(0.548)

-0.594

(0.519)

-0.701

(0.573)

-1.020*

(0.888)

1.975**

(0.163)

0.087

(1.464)

-0.709

(1.306)

2.517*

(0.557)

1.207**

(11)

Kerosene
(10)

(12)

196

(2.528)

-1.639

(1.465)

-1.134

(0.830)

0.260

(0.645)

1.196*

(1.034)

0.125

(1.132)

-1.513

(1.261)

-1.905

(2.095)

3.730*

(0.445)

0.044

(1.629)

-1.428

(1.164)

2.184*

fourth column in each panel). Constants not shown. Basic probit models allow for village-level clustering in standard errors. *** p < 0.01, ** p < 0.05, * p < 0.1

Note: Probit models (first two columns in each panel), village random effects probit models (third column in each panel) and fixed effects logit (SC shopkeeper-SC Pradhan-Survey Stratum fixed effect,

.550***

0.302

∆

.543***

228

Correlation

228

(1.073)

(1.005)

34

229

-2.946***

-2.822***

-0.277
(0.373)

-0.073
(0.413)

-0.447
(0.319)

-0.386

(0.341)

(0.323)

0.768**

0.632*

(0.294)

(0.363)

0.963***

(0.285)

(0.286)

0.759***

(0.275)

0.372

(0.300)

(0.332)
0.157

-0.730**

-0.648*

0.052
(0.256)

0.129

(0.084)

(0.243)

-0.193**

(0.077)

(0.580)

-0.154**

(0.552)

(0.490)

1.758***

(0.482)

(0.315)
1.743***

(0.306)
1.578***

-0.416

Groups

Obs

SC VillPop Share

Caste w/ Land Dominant Sub-Caste

Pradhan-HH Same Caste

HH’s Caste Forms Plurality

PDS Dist <.5km

Primary or Less

No Schooling

Pucca House

Land (Acres)

SC Keeper X SC

0.438

(3)

(0.361)

Grain

-0.695**

(0.411)

-0.628**

(0.281)

SC Shopkeeper

0.451

-0.099

SC

(2)

(1)

Covariates

Table 3: Choice to Purchase PDS Goods

Table 4: Monitoring and Enforcement
Covariates

(1)

(2)

(3)

(4)

(5)

SC

0.449

0.010

0.584

0.898***

0.491

(0.365)

(0.547)

(0.360)

(0.306)

(0.429)

-0.450

0.574

-1.000**

0.461

(0.487)

(0.877)

(0.488)

(0.668)

3.403***

0.632

1.729***

0.670

(1.098)

(0.992)

(0.541)

(0.799)

SC Shopkeeper

SC Keeper X SC

SC Keeper X SC X PDS Dist <.5km

-1.884*
(1.012)

PDS Dist <.5km

1.218***

1.082***

0.757***

1.026***

(0.337)

(0.299)

(0.246)

(0.297)

3.995**

2.224**

(1.572)

(0.930)

0.019

SC X Time

(0.030)
-0.082

SC Keeper X Time

(0.064)
SC Keeper X SC X Time to PDS

0.107
(0.076)

Time to PDS (Min.)

-0.036
(0.028)

Share BPL in Village

SC Shopkeeper (0 if no PDS)

-0.621

SC Keeper X SC (0 if no PDS)

1.297**

(0.433)

(0.528)
No PDS in Vill.

-1.469***
(0.321)
0.031

SC X Land

(0.201)
SC Keeper X Land

-1.115*
(0.582)

SC Keeper X SC X Land

1.231*
(0.638)

Obs

228

228

228

333

228

Groups

34

34

34

55

34

Correlation

0.311

0.261

0.179

0.163

0.297

Note: All covariates from Columns 3, 7, and 11 of baseline table are included here as well, but not shown. In addition,
includes share of BCs in village and log of total number of households in village. Village random effects probit models ; ***
p < 0.01, ** p < 0.05, * p < 0.1
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Table 5: Alternative Explanations for the Grain Purchase Decision
Covariates

EliteCap 1

EliteCap 2

SC

0.547

Stigma

Credit

Knowledge

Home Prod

-0.946

0.470

0.781

0.435

(0.353)

(0.601)

(0.365)

(0.562)

(0.362)

SC Shopkeeper

-0.528

-0.099

-0.388

-0.544

-0.378

(0.466)

(0.507)

(0.488)

(0.641)

(0.482)

SC Keeper X SC

1.757***

1.422**

2.106***

1.660***

2.336***

1.747***

(0.593)

(0.604)

(0.745)

(0.596)

(0.832)

(0.584)

-3.067***

-4.918***

-3.417***

-2.945***

-4.855***

-2.960***

(1.104)

(1.639)

(1.242)

(1.094)

(1.701)

(1.079)

Pradhan SC

0.160
(0.759)

Pradhan SC X SC

-0.117
(0.745)

SC VillPop Share

SC X SC VillPop Share

4.101**
(1.892)

BC Keeper X SC

1.079*
(0.649)

UMC Keeper X SC

0.150
(0.601)
-0.191

SC Keeper X BC

(0.713)
BC Keeper X BC

-0.201
(0.637)
0.734

UMC Keeper X BC

(0.678)
Food Credit from Shopkeep

0.627
(0.469)

Know Rice Entit.

1.109*

Know Wheat Entit.

1.516***

(0.575)

(0.555)
-0.227

Own Farm

(0.247)
Obs

228

228

228

228

196

228

Groups

34

34

34

34

34

34

Correlation

0.295

0.328

0.383

∆

.533***

.355*

0.314

0.400

0.302

.507***

.657***

.496***

Note: Village random effects probit models. All specifications include a constant, caste plurality dummy, a caste land
dominance dummy, land owned, housing structure, education dummies, distance from PDS shop, and share of SCs in the
village. All specifications except the first column include a dummy for whether the household and Pradhan are from the same
caste. All specifications except the second column include a dummy for being from a plurality caste. *** p < 0.01, **
p < 0.05, * p < 0.1
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43
228

(0.116)

(9.115)
228

0.135

(0.173)

(12.744)
45.153***

-0.426**

-27.565**

(0.129)

(11.155)

228

(0.268)

0.442

(0.376)

-0.500

(0.270)

0.370

(0.262)

-0.197

Land Planted with Grain (Acres)

228

(19146.180)

92901.695***

(21523.504)

-1.11e+04

(15506.197)

37401.202**

(12936.609)

-1627.728

Land Value (Rs/Acre)

222

(11.278)

65.781***

(13.913)

-8.319

(10.210)

16.766

(8.363)

-10.945

Percent Land Irrigated

covariates from Columns 3, 7, and 11 of baseline take-up table are included here as well, but not shown ; *** p < 0.01, ** p < 0.05, * p < 0.1

Note: All specifications estimated with OLS, with dependent variable as indicated in the top of the column. Grain includes rice and wheat only. Additional

Obs

Constant

SC Keeper X SC

0.311**

11.541

(0.113)

(8.409)

SC Shopkeeper

-0.049

5.417

SC

Prim Inc Own Farm (0/1)

Home Prod./In-Kind Receipt (kg)

Covariates

Table 6: Home Production of Grain

Table 7: Estimation Results
Parameter

Estimate

PREFERENCES
β

0.957

α

0.237

ζ

23.339

κ0 (Land)

-3.031

κ1 (SC)

10.337

κ2 (KeepSC)

2.679

COSTS
δ0 (Far)

0.967

c0 (NonSC-KeepNonSC)

-1.534

c1 (SC-KeepNonSC)

-0.820

c2 (NonSC-KeepSC)

-0.267

c3 (SC-KeepSC)

-1.236

c4 (Time)

0.532

c5 (ShareBPL)

0.769

c6 (ShareSC)

3.417

c7 (ShareBC)

0.929

FINE
f

40.101

MEASUREMENT ERROR
σ

0.377

θ

0.154
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Table 8: Semi-Elasticity of Take-Up w.r.t. PDS Price
Percentile
Pairing

10th

25th

50th

75th

90th

KeepNSC/NSC

-0.546

-0.222

0.017

0.153

0.362

KeepNSC/SC

0.268

0.484

0.583

0.652

0.738

KeepSC/NSC

0.189

0.229

0.322

0.396

0.482

KeepSC/SC

0.236

0.322

0.515

0.694

0.921
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Figure 1: PDS Purchases by Household and Shopkeeper Caste
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Kerosene
SC Shopkeeper

Figure 2: Fit: Log Grain Purchased from Market
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Figure 3: Fit: Probability of PDS Grain Take-Up
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Figure 4: SC Hholds’ Welfare Gains from SC Shopkeepers (Mean Across Simulations)
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Figure 5: SC Hholds’ Welfare Gains from SC Shopkeepers (75th Ptile Across Simulations)
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A

Data Appendix

The household data contain basic demographic characteristics of the household members, including
caste, age and education. The data also include extensive information on income, food and non-food
expenditures, and farming and non-farming assets, caste of the shop keeper and PDS purchases. All
villages do not necessarily have a PDS shop. Households in a village without a shop must acquire
PDS goods from a neighboring village’s shop, and we have information on these households’ PDS
purchases.
The sample used in the analysis is restricted to households with PDS shops in their village
with the exception of one instance where we set variables regarding the PDS shop to zero and
incorporate a dummy variable for whether the village has a PDS shop. We discuss this in the
text. Not considering Muslim households and villages with Muslim shopkeepers, 229 households
in 37 villages have BPL cards and information on the caste of the shopkeeper. There are 146 SC
households, with 38 facing SC shopkeepers. There are 83 non-SC households, with 20 facing SC
shopkeepers.
Table 1 covers households’ PDS purchases for each good. Quality is a self-reported measure
taking three values: 1, better than market quality; 2, same as market quality; 3, worse than market
quality. Of those making PDS rice purchases, 91.3% of households purchase 3 kg (full entitlement).
Of those making wheat purchases, 89.6% of households purchase 7 kg. Of the 173 households
purchasing either rice or wheat, 121 (70%) purchase 10 kg of total grain, with an additional 22
households purchasing 7 kg of wheat and not purchasing any rice and 6 households purchasing 3
kg of rice and no wheat.
Table 2 examines how key village-level variables differ between villages with a SC shopkeeper,
villages with a non-SC shopkeeper, and villages where the caste of the shopkeeper is not available.
Villages with Muslim shopkeepers are not included.49 Villages with SC shopkeepers tend to have
a higher proportion of SCs in the village, are more likely to have a SC Pradhan, and are much
more likely to have the largest share of households be SC. However, these differences are not
statistically significantly different from zero. Only two variables have significantly different means
across the village types: the proportion of villages with a UMC Pradhan and the estimated fraction
of households with BPL cards. This estimate of BPL cardholders is simply the percentage of
households in our sample who hold BPL cards in the village.50 Therefore, SC shopkeepers are
49
50

The price of goods is the median price paid by a village’s households for the good in question.
The test does not account for sampling variation in the estimate.

49

more likely to be observed in villages that have more BPL card holders. In the third panel, we see
that villages without a PDS shop tend to be much smaller, as one might expect. They are also
significantly more likely to have a BC Pradhan, and have significantly lower caste fractionalization.

B

Further Evidence on Alternate Channels

B.1

Elite capture

Elite capture can operate in another form, as compared to the form stressed in the literature and
in the main text. SCs are allocated BPL cards disproportionately and may have limited home
production opportunities. Therefore, SCs may care about PDS grain more than other castes, and
elite SCs may go out of their way to ensure poor SC households have access to PDS grain. To test
this further, we turn to the first two columns of Table 5. In Column 1, we remove the dummy for
whether the household is the same caste as the Pradhan, and instead add controls for a SC Pradhan
and interaction of SC Pradhan with SC. The caste pairing effect is robust and the magnitude of ∆
remains similar.51 In Column 2 of Table 5, we represent SC political power in a slightly different
way by adding two variables, the share of village population that is SC and the interaction of
this share with a SC household dummy. The caste pairing effect remains statistically significantly
different from zero (P-value of 0.019), though the magnitude of ∆ falls somewhat.52
To test the elite capture hypothesis, we can also look at the price, quantity, and quality of goods
purchased by households. If villages with SC shopkeepers are places where elite SCs capture PDS
goods for themselves, we would expect that these elites would ensure that they obtain lower prices,
larger quantities, or better quality. Table 4 shows the caste interaction effects and their standard
errors from OLS regressions of price and quantity, and ordered probit regressions of quality, on the
same set of covariates used in Column 3 of Table 3. Quality takes three values (Below market=3,
Same as market=2, Better than market=1). Each cell shows the estimate and standard error for
a particular dependent variable (listed along the left) and a particular good (listed along the top).
For the sake of brevity, we do not show the estimates for all other covariates included.
Overall, there is little evidence that SC households obtain lower prices, higher quantities, or
better quality of rice, wheat, sugar, or kerosene from SC shopkeepers. Regardless of whether Mus51

Without weights, the P-value increases to 0.056. With Muslims included, the P-value is 0.136 (no weights) or

0.028 (with weights).
52
Without weights, the caste pairing effect has a P-value of 0.048. When Muslims are included, the P-value rises
to 0.128 (no weights) and 0.103 (with weights).
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lims are included and whether weights are used, prices, quantities, and quality are not significantly
better for SCs facing SC shopkeepers for rice or wheat. In fact, the table shows that SCs obtain
slightly worse quality from SC shopkeepers, though this result is not robust to dropping weights
or including Muslims. Moreover, SCs seem to pay higher prices and purchase lower quantities of
kerosene when facing a SC shopkeeper, and this does not depend on weighting or the inclusion of
Muslims. There is some evidence that prices for sugar are lower for SCs facing SC shopkeepers, but
this is sensitive to the use of weights and the magnitudes are very small. At the same time, there is
no evidence that quantities of sugar and quality of sugar are higher for SCs facing SC shopkeepers.
We should interpret these results carefully since they select on households that choose to make a
purchase and we cannot observe the prices, quantities, and quality faced by households that did
not make a purchase. Still, overall, the results are not consistent with a pure elite capture story.

B.2

Taste Based Discrimination

A variation on the taste based discrimination channel is that there is an interaction between tastebased discrimination and black marketing incentives. If the incentives to black market grain are
higher than those to black market sugar and kerosene, then shopkeepers could exercise taste-based
discrimination in a manner that is differential across goods. However, this story is still not sufficient
by itself to explain the fact that SCs do not see differentially better prices, quantities, or quality
with SC shopkeepers, as we saw above.

B.3

Selective BPL Allocation

A second approach to testing this explanation is to examine whether the gap in observables between
APL and BPL households is larger for SC households facing SC shopkeepers relative to the SC
households facing non-SC shopkeepers. That is, in villages with SC shopkeepers, are relatively
poorer SC households being selected for BPL status? To do this, we regress key observables
relating to wealth/income on BPL status, a SC household dummy, a SC shopkeeper dummy, and
a full set of interactions of these three variables. The observables include: land ownership, nondurable expenditure, asset ownership, dummies for no schooling or for primary schooling only, and
land price and percent of land irrigated (with 0 for the landless). The coefficient of interest is
the coefficient on the triple interaction, which indicates whether there is differential selection along
observables into BPL status for SCs who face SC shopkeepers. In results not shown here, we find
that this coefficient is not significantly different from zero for any of the variables above, regardless

51

of choices about weights or the inclusion of Muslims. This suggests that the gap in wealth between
BPL households and APL households is no larger when SCs face SC shopkeepers.
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Table 1: [Appendix] Summary Statistics: Household PDS Purchases
N

Mean

S.D.

Min

Max

Purchase?

335

0.38

0.49

0

1

Price

127

4.37

0.27

3.5

5

Quantity

127

3.23

1.59

2

20

Quality

125

2.57

0.66

1

3

Know Entitlement?

293

0.45

0.50

0

1

Purchase?

335

0.42

0.49

0

1

Price

141

3.43

0.22

3

4.5

Quantity

141

7.16

1.83

3

20

Quality

136

2.61

0.61

1

3

Know Entitlement?

293

0.51

0.50

0

1

Purchase?

335

0.49

0.50

0

1

Price

164

12.33

0.78

4

13.5

Quantity

164

1.41

0.79

0.5

5

Quality

160

2.64

0.55

1

3

Purchase?

335

0.84

0.37

0

1

Price

282

4.14

0.61

3

9

Quantity

282

2.73

1.12

1

10

RICE

WHEAT

SUGAR

KEROSENE
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Table 2: [Appendix] Summary Statistics: Village Characteristics by Shopkeeper Caste Group
Variable

Non-SC

SC

P-Value

No Information

P-Value

Rice Price

6.90

6.71

0.421

6.47

0.016**

Wheat Price

5.84

5.75

0.760

5.46

0.036**

Sugar Price

14.01

13.79

0.691

14.10

0.789

Total Hholds

281.93

299.14

0.822

141.35

0.000***

Percent Landless

10.40

17.14

0.304

11.00

0.816

Percent BPL (Estimated)

0.270

0.452

0.001***

0.283

0.801

SC Share

0.29

0.36

0.390

0.29

0.986

BC Share

0.49

0.45

0.626

0.51

0.764

MUS Share

0.05

0.08

0.544

0.08

0.520

UMC Share

0.17

0.11

0.270

0.12

0.421

SC Pradhan

0.20

0.43

0.320

0.30

0.401

BC Pradhan

0.60

0.57

0.900

0.35

0.071*

UMC Pradhan

0.20

0.00

0.012**

0.26

0.613

SC Plurality

0.20

0.43

0.320

0.26

0.613

Caste Fractionalization Index

0.59

0.64

0.204

0.51

0.082*

30

7

Number of Villages

Note: *** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3: [Appendix] Choice to Purchase PDS Goods: Simultaneous Estimation
Covariates

Grain

Sugar

Kerosene

SC

0.432

0.196

0.476

(0.346)

(0.314)

(0.460)

-0.713*

-0.788**

1.747***

(0.366)

(0.393)

(0.542)

1.721***

0.829*

-1.052

(0.518)

(0.504)

(0.652)

-0.136*

0.004

-0.022

(0.073)

(0.067)

(0.076)

0.100

0.536**

1.375***

(0.236)

(0.252)

(0.371)

-0.669**

-0.563*

-0.992***

(0.284)

(0.288)

(0.307)

0.153

-0.258

-0.787***

(0.255)

(0.245)

(0.278)

0.771***

0.465**

0.530**

(0.241)

(0.231)

(0.251)

0.564**

0.224

0.649*

(0.277)

(0.261)

(0.338)

-0.325

-0.244

-0.556*

(0.272)

(0.239)

(0.315)

-0.066

0.277

-0.287

(0.308)

(0.302)

(0.417)

-2.648***

-0.631

-0.978

(0.745)

(0.727)

(0.778)

0.411

0.065

1.260***

(0.392)

(0.377)

(0.397)

SC Shopkeeper

SC Keeper X SC

Land (Acres)

Pucca House

No Schooling

Primary or Less

PDS Dist <.5km

HH’s Caste Forms Plurality

Pradhan-HH Same Caste

Caste w/ Land Dominant Sub-Caste

SC VillPop Share

Constant

Obs

228

∆

.549***

.239

-.359

P-Value Diff From Grain

-

.137

.007

Note: Probit models allowing for correlation of three unobserved errors. *** p < 0.01, ** p < 0.05, * p < 0.1
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Table 4: [Appendix] Prices, Quantities, and Quality of PDS Goods (Condtl. on Purchase)
Dep. Variable

Rice

Wheat

Sugar

Kerosene

Price

-0.095

0.020

-0.320*

0.449***

(0.147)

(0.125)

(0.175)

(0.169)

-0.135

-0.079

-0.116

-1.067***

(0.180)

(0.468)

(0.282)

(0.388)

1.440**

1.190*

0.924

-0.044

(0.695)

(0.695)

(0.574)

(0.477)

Quantity

Quality

Note: Price and quantity specifications estimated with OLS. Quality specifications estimated using ordered probit,
where the categories are (1) Better than market quality (2) Same as market quality (3) Worse than market quality.
Additional covariates from Columns 3, 7, and 11 of baseline take-up table are included here as well, but not shown ;
*** p < 0.01, ** p < 0.05, * p < 0.1
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