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A B S T R A C T

Most analyses of randomized controlled trials of development interventions estimate an average treatment
effect on the outcome of interest. However, the aggregate impact on welfare also depends on distributional
effects. We propose a simple method to evaluate efficiency–equity trade-offs in the utilitarian tradition of
Atkinson (1970). This involves an estimation of the average treatment effect on a monotone concave function
of the outcome variable, whose curvature captures the degree of inequality aversion in the welfare function.
We argue this is preferable to the current practice of examining distributional impacts through sub-group
analysis or quantile treatment effects. We illustrate the approach using data from a credit delivery experiment
we implemented in West Bengal, India.
1. Introduction

Randomized controlled trials allow researchers to cleanly identify
the average treatment effect (ATE) or the expected change in the
beneficiary’s outcome caused by a development intervention. However
a more complete evaluation of the program’s effects on welfare would
not only account for average effects, but also for how equitably the
benefits are distributed.

When the current literature examines heterogeneity in treatment
effects, it usually follows one of two methods. Sub-group analysis
involves classifying beneficiaries by certain fixed characteristics (e.g.,
gender) or baseline levels of well-being (e.g., baseline income or
wealth), and estimating treatment effects for each sub-group separately.
This provides a partial ordering of the effect of the intervention. For
instance, a particular intervention may improve the outcome for a
particular sub-group but worsen it for another. However, the method
provides no guidance on the trade-offs between these different effects.
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Quantile treatment effects are inherently different: rather than
telling us how the intervention affects different sub-groups of bene-
ficiaries, classified by fixed characteristics, they estimate the effect of
the intervention on the different quantiles of the outcome distribution,
such as, for instance, the 25th, 50th or 75th percentile (Bedoya et al.,
2017). While informative, the method also does not explicitly build in
any assumptions about the weights to assign to the average versus the
distributional impact of the intervention. As a result it does not allow us
to evaluate the aggregate welfare impact of intervention, or compare
different interventions that may have different efficiency and equity
impacts.

In this paper we propose an alternative approach that allows such
welfare evaluations. It is rooted in the utilitarian tradition of public
economics going back to Atkinson (1970). In this approach, the welfare
impact of an intervention is given by the average treatment effect on
welfare, where welfare is represented by a given increasing, concave
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function of the outcome variable. The slope and concavity of the
welfare function incorporate the efficiency and distributive objectives
respectively. The estimation is a straightforward exercise that does not
require any additional assumptions beyond those used to estimate the
average treatment effect on the outcome variable itself.

In particular, social welfare is represented as the sum of the welfare
of the individuals in a population. The welfare of an individual can
be written as 𝑈𝑖 = 𝑈 (𝑦𝑖) ≡ 𝑦1−𝜃𝑖

1−𝜃 ; 𝜃 > 0, where the individual’s
wellbeing 𝑦𝑖 could be proxied by income or consumption.1 The pa-
rameter 𝜃 represents the degree of inequality aversion. Thus the welfare
unction 𝑈 (⋅) reflects ethical judgments by the external observer, aid
onor or social planner, in the ‘‘extended sympathy’’ approach to
ocial choice theory.2 Roberts (1980) provides axioms of cardinality
nd comparability of wellbeing that characterize this class of welfare
unctions.

When 𝜃 = 0, the measure reduces to the sum of incomes, thus
gnoring income distribution entirely. As 𝜃 increases, the social welfare
unction places greater weight on the wellbeing of worse-off individu-
ls, and thus becomes more responsive to the distribution. As 𝜃 ⟶ +∞,
ocial welfare approaches the Rawlsian maximin criterion min𝑖{𝑦𝑖},

thereby placing all weight on the welfare of the worst-off individual.
Hence by varying the value of 𝜃, the external evaluator can assess how
distributive considerations affect the assessment.

A well established literature in public economics has similarly used
Atkinson welfare functions to evaluate the distributional impacts of
taxes, government transfers and price changes, especially when they
have general equilibrium effects (see, for example Braverman et al.,
1987; Ahmad and Stern, 1987; Newbery and Stern, 1987; Hughes,
1987; Newbery, 1995; Coady and Harris, 2004; Bhattacharya and Ko-
marova, 2021). Our method shows how this approach can be applied to
evaluate efficiency and equity impacts even for small-scale randomized
interventions. The approach delivers a single summary measure of the
impact of the intervention on welfare, which can be useful when policy
makers evaluate interventions, or compare different interventions and
choose which one to implement.

Section 2 shows how this methodology can be applied in a general
setting with a randomized policy intervention, with differing underly-
ing assumptions about the specific context. We allow a first stage where
(a subset of) individuals in treated villages are selected as beneficiaries.
This may be the result of a screening procedure or explicit criteria.
It may depend on household-specific observable and unobservable
characteristics, and therefore is not necessarily random. After this, the
intervention is offered to a random subset of the selected group. If the
research design includes both a treatment arm of villages where the
intervention is conducted and a control arm where it is not introduced,
then the evaluation is straightforward. We also show how the method-
ology can be applied in a more parsimonious research design where
there is no control arm. In that case, the intervention can be evaluated
relative to a hypothetical counterfactual, provided that only a random
subset of the selected individuals receive the intervention, and there
are no spillovers to untreated individuals.

We illustrate this methodology to evaluate the distributive im-
pacts of three experimental micro-credit interventions that were im-
plemented in West Bengal, India, during 2010–13. In two of these
interventions, a commission agent was asked to select eligible borrow-
ers for individual liability loans. In the Trader-Agent Intermediated
Lending (TRAIL) arm, this agent was selected from among private

1 For semantic convenience, in what follows we shall refer to the measure of
ellbeing 𝑦𝑖 as ‘‘income’’. Our specific empirical application also uses income,
ut the method can be applied to consumption as well.

2 This is in contrast to the notion of a utility function, which determines
he household’s actual behavior, and represents the household’s own subjective
ense of wellbeing, which may incorporate considerations of status or relative
2

ncome. m
traders operating in the village. In the Gram Panchayat Agent Inter-
mediated Lending (GRAIL) arm, the agent was appointed by the local
government. In a third intervention (Group Based Lending or GBL),
borrower groups could self-form and all members could apply for joint
liability loans.3

Our estimates show that the TRAIL intervention increased aggregate
welfare for the entire range of 𝜃 values that we consider. In other words,
any increase in inequality appears to be small enough that even at
high levels of inequality-aversion, it does not outweigh the positive
efficiency effects. In contrast, the welfare impacts of the GRAIL and GBL
schemes are non-significant at all values of 𝜃. Both the difference in the
welfare effects of the TRAIL and GRAIL schemes, and of the TRAIL and
GBL schemes are statistically significant.

In order to examine the underlying changes in outcomes that under-
lie this aggregate welfare effect, we decompose the average treatment
effects on welfare into the impact on households in different land
classes. This illustrates how our approach leads to different inferences
than the quantile treatment effects (QTE) approach. Our decomposition
exercise shows that the TRAIL intervention had the largest positive
impact on the welfare of households in the intermediate range of
landholding. On the other hand, the QTE approach shows that the
TRAIL intervention increased the top deciles of the income distribution,
thereby increasing inequality. We also know that the intervention had a
positive average treatment effect on incomes (documented previously
in Maitra et al., 2017, 2021). The QTE approach cannot assess how
these different effects on efficiency and equity should be traded off
to estimate an overall welfare effect. However as discussed above,
our approach is able to evaluate this trade-off at different degrees of
inequality aversion.

2. Methodology

The 72 villages in our study were randomly assigned to the three
intervention arms. In each intervention arm, the credit intervention
scheme was introduced in each village. As a result, the design did
not include any control villages. Instead, within each village, potential
beneficiaries were selected via a non-random procedure, and then a
subgroup of these selected households were randomly chosen to receive
a loan offer. Thus each village consists of three groups of households:
(1) not selected to be potential beneficiaries; (2) selected but not
randomly assigned to treatment; and (3) selected and also randomly
assigned to treatment. Conditional on selection, the welfare effect of the
intervention is the expected difference between the Atkinson transform
of household farm income of selected households randomly assigned to
treatment, and that of selected households not assigned to treatment.4

Since our goal is to estimate the aggregate or unconditional welfare
effect of the scheme, we then scale the estimated conditional treatment
effect by the proportion of households who participated in the loan
scheme. This ‘‘treatment proportion’’ is the product of the objective
average probability that a random household in the village was selected
to be a potential beneficiary, written as Pr(𝑠), and the fraction of the
selected who were actually offered the treatment (𝑝). Below we describe
more formally how our approach yields an unbiased estimate of the
welfare impact of the intervention.

For expositional purposes, we start with a context where the design
allows for both treatment and control villages, and then explain how
the standard methodology can be extended to the design we will be
working with in subsequent sections. Consider a set of villages, which
are randomized into a treatment group denoted 𝑇 and a control (or

3 In previous work (Maitra et al., 2017, 2021), we estimated the average
reatment effects of these interventions on farm incomes. In this paper we
ropose and implement a method to evaluate the distributive impacts.

4 This is the result of the additive decomposability of the Atkinson welfare
easure.
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counterfactual) group 𝐶. Each village consists of two types of individu-
als, 𝜎 = 𝑠, 𝑛, where 𝑠 is the type that is selected for the intervention, and

is the type that is not selected. Selection can take place on criteria that
re observable to the researcher, such as landholding or occupation,
r on others that are unobservable, such as when individuals opt in,
r when an intermediary selects beneficiaries. Since the intervention is
andomly assigned across villages, Pr(𝑠) describes the expected fraction

of 𝑠 type individuals in both 𝑇 and 𝐶 villages.
Next, let 𝑒 ∈ {0, 1} denote whether a specific individual receives

the treatment, and 𝑝 ≡ 𝑃 (𝑒 = 1|𝑠, 𝑇 ) denote the fraction of 𝑠 types
in a 𝑇 village that receive the treatment. By construction, the scheme
is available to none of the individuals in the 𝐶 villages. It is also
unavailable to type-𝑛 households in 𝑇 villages. Hence we have

𝑃 (𝑒 = 1|𝑛, 𝑇 ) = 𝑃 (𝑒 = 1|𝜎, 𝐶) = 0 < 𝑝 ≡ 𝑃 (𝑒 = 1|𝑠, 𝑇 ); for 𝜎 = 𝑠, 𝑛 (1)

Let the endline outcome (income or consumption) for an individual
be represented by random variables 𝑦(𝜎, 𝑒, 𝑇 ) and 𝑦(𝜎, 𝑒, 𝐶) in 𝑇 and 𝐶
villages respectively. Then social welfare in a 𝑇 village can be written
as

𝑊 (𝑇 ) = 𝑝Pr(𝑠)𝐸[𝑈 (𝑦(𝑠, 1, 𝑇 ))]
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
selected and treated

+ (1 − 𝑝) Pr(𝑠)𝐸[𝑈 (𝑦(𝑠, 0, 𝑇 ))]
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

selected but untreated
+ [1 − Pr(𝑠)]𝐸[𝑈 (𝑦(𝑛, 0, 𝑇 ))]

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
not selected

(2)

while social welfare in control (or counterfactual) villages can be
written as

𝑊 (𝐶) = Pr(𝑠)𝐸[𝑈 (𝑦(𝑠, 0, 𝐶))] + [1 − Pr(𝑠)]𝐸[𝑈 (𝑦(𝑛, 0, 𝐶))]

⟹ 𝑊 (𝐶) = 𝐸[𝑈 (𝑦(𝜎, 0, 𝐶))] (3)

If the research design includes control villages, and data are col-
lected from a random sample of households, then 𝑊 (𝐶) can be directly
estimated.5

In treatment villages, we assume income is measured for random
samples within each of the three relevant groups: ‘‘selected and treated‘‘
(𝑠, 1), ‘‘selected but untreated’’ (𝑠, 0) and ‘‘not selected‘‘ (𝑛, 0).6 This
allow us to estimate 𝑊 (𝑇 ), and in turn to directly estimate the welfare
impact of the intervention 𝑊 (𝑇 ) −𝑊 (𝐶).

The welfare impact can also be estimated if the research design is
more parsimonious, in that there are no control villages. This requires
that two conditions hold. First, we need 𝑝 < 1, i.e., some selected
subjects do not receive the intervention. This implies there is a non-
null group of selected but untreated, (𝑠, 0). The second condition is that
there are no spillovers from treated to untreated subjects, or that the
treatment does not affect untreated subjects of either type:

𝑦(𝑛, 0, 𝑇 ) = 𝑦(𝑛, 0, 𝐶) (4)

𝑦(𝑠, 0, 𝑇 ) = 𝑦(𝑠, 0, 𝐶) (5)

Observe that if 𝐶 denotes the counterfactual that would have oc-
curred if the 𝑇 villages had not received the intervention, then Eqs. (4)
and (5) imply that the welfare impact of the intervention equals

𝑊 (𝑇 ) −𝑊 (𝐶) = 𝑝Pr(𝑠){𝐸[𝑈 (𝑦(𝑠, 1, 𝑇 ))] − 𝐸[𝑈 (𝑦(𝑠, 0, 𝐶))]}

+ (1 − 𝑝) Pr(𝑠){𝐸[𝑈 (𝑦(𝑠, 0, 𝑇 ))] − 𝐸[𝑈 (𝑦(𝑠, 0, 𝐶))]}

= 𝑝Pr(𝑠){𝐸[𝑈 (𝑦(𝑠, 1, 𝑇 ))] − 𝐸[𝑈 (𝑦(𝑠, 0, 𝐶))]}

5 In fact, the interventions we consider were implemented through a
arsimonious design randomized controlled trial, involving three different
reatment arms and no control arm, and with 𝑝 < 1 for each of the three
nterventions. However we provide a general method that could be used for
ases where a randomly selected subset of villages are pure control, that is,
o not receive the intervention.

6 This applies even when all selected subjects are treated (or 𝑝 = 1), in
3

which case there are no ‘‘selected but untreated’’ individuals. c
= 𝑝Pr(𝑠){𝐸[𝑈 (𝑦(𝑠, 1, 𝑇 ))] − 𝐸[𝑈 (𝑦(𝑠, 0, 𝑇 ))]} (6)

The first equality relies on the assumption of the absence of
spillovers among the non-selected, while the second and third equalities
rely on the assumption that there are no spillovers among the selected
but untreated. Intuitively, when 𝑝 ∈ (0, 1), we are able to derive
unbiased estimates of the individual welfare of both the treated and
untreated eligible households in the treated villages. The ‘‘no spillover’’
assumption implies that the welfare of the selected but untreated
equals the welfare that the selected would have had, if the intervention
had not been conducted. Hence the difference between the welfare
levels of the treated and selected but untreated within treated villages
𝐸[𝑈 (𝑦(𝑠, 1, 𝑇 ))] − 𝐸[𝑈 (𝑦(𝑠, 0, 𝑇 ))] is an unbiased estimate of the impact
of the intervention on the treated 𝐸[𝑈 (𝑦(𝑠, 1, 𝑇 ))] − 𝐸[𝑈 (𝑦(𝑠, 0, 𝐶))]. By
caling this by the proportion of individuals treated 𝑝Pr(𝑠), we obtain
n unbiased estimate of the welfare impact relative to no intervention.

We apply this methodology to evaluate the welfare effect of our
redit interventions, relative to a no-intervention counterfactual. Since
nly about 2.5 percent of the relevant population received the program,
t is unlikely that there were spillover effects on the population that
id not receive the program credit. Since the assignment of treatments
cross villages was randomized, this provides an unbiased estimate of
he welfare impact.

. The interventions

A non-profit microfinance institution conducted the agricultural
redit interventions in 72 villages in the districts of Hugli and West
edinipur in the state of West Bengal, India.7 The schemes were

rimarily designed to facilitate the cultivation of potatoes, the most
rofitable cash crop in this region. The loan size, duration, interest
ate and dynamic repayment incentives were identical across the three
nterventions. The loans had a 4-month duration and were offered at
n annual interest rate of 18 percent. This was considerably lower than
he 25% per annum average interest rate that prevailed in the informal
oan market. The first loans were offered in October 2010. Repayment
as due in a single lumpsum at the end of 4 months, at which point

he next cycle of loans began. Borrowers who repaid successfully were
ligible for a larger loan in the subsequent cycle; those who did not
ere not allowed to borrow again. The program ran for three years in
ll, and data were collected through detailed farm surveys every four
onths throughout this period.

The study attempted to compare different approaches to identifying
eneficiaries for subsidized agricultural credit. The agent-intermediated
ending (AIL) approach taps into the knowledge and information about
ocal residents that exists within a community but might be unob-
ervable to researchers. Borrower selection was delegated to a local
ntermediary, who was appointed as the MFI’s agent. In the 24 ran-
omly selected villages assigned to the TRAIL intervention, the agent
as a trader who bought agricultural output from village farmers
nd/or sold them farm inputs. In the 24 villages assigned to the GRAIL
ntervention, the agent was a political appointee. Each agent was
sked to recommend 30 smallholder borrowers to potentially receive
ndividual liability loans. In the 24 villages assigned to the Group Based
ending (or GBL) intervention, any smallholder village resident could
orm a group with four other members. After they had attended group
eetings and made savings deposits for 6 months, all the members of

wo randomly selected groups were offered the program loans. Group
embers were jointly liable for each others’ loans: if any member
efaulted, all other group members were cut off from all future loans.8
n all three interventions, households were only eligible for loans if they
wned no more than 1.5 acres of agricultural land.

7 Here we provide a brief summary of the experimental details; these are
iscussed in greater detail in Maitra et al. (2017, 2021).

8 The agents in the TRAIL and GRAIL schemes were incentivized through
ommissions equal to 75 percent of the interest paid by borrowers they had
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Table 1
Household characteristics by village treatment arm.

All TRAIL GRAIL GBL
(1) (2) (3) (4)

Head’s education: primary or more 0.420 0.407 0.420 0.433
(0.01) (0.02) (0.02) (0.02)

Head’s occupation: cultivation 0.431 0.441 0.415 0.438
(0.01) (0.02) (0.02) (0.02)

Head’s occupation: Labor 0.335 0.340 0.343 0.323
(0.01) (0.02) (0.02) (0.02)

Non-Hindu 0.172 0.210 0.151 0.155
(0.01) (0.02) (0.01) (0.01)

Low caste 0.388 0.383 0.355 0.423
(0.01) (0.02) (0.02) (0.02)

Area of house and homestead (acres) 0.053 0.052 0.052 0.054
(0.00) (0.00) (0.00) (0.00)

Brick-and-mortar house 0.294 0.288 0.334 0.259
(0.01) (0.01) (0.02) (0.01)

Electrified house 0.751 0.740 0.752 0.760
(0.01) (0.01) (0.01) (0.01)

Separate toilet in house 0.575 0.564 0.608 0.552
(0.01) (0.02) (0.02) (0.02)

Owns radio/ TV/ VCR/ DVD 0.464 0.450 0.486 0.456
(0.01) (0.02) (0.02) (0.02)

Owns telephone (mobile or landline) 0.590 0.573 0.590 0.607
(0.01) (0.02) (0.02) (0.02)

Has savings bank account 0.456 0.447 0.475 0.446
(0.01) (0.02) (0.02) (0.02)

Farm income 7696.08 6138.99 8170.97 7333.40
(357.8) (312.4) (370.9) (201.3)

Observations 3120 1032 1050 1038

Test of joint significance for assignment to treatment
Using a multinomial logit 𝜒2 statistic 10.33

p-value 0.993

Notes: Other than farm income, data are from the first wave of household surveys conducted in the 72
sample villages in 2010. Only eligible households are included in the sample. Since we drew a purposive
sample of Treatment, Control 1 and Control 2 households, we do not expect our sample means to be
representative of the village populations. To correct for the non-representativeness of our sample, we assign
each household a weight that is in inverse proportion to the probability that they would be selected into the
sample. Thus, Treatment and Control 1 households each receive a weight of 30

𝑁
and Control 2 households

receive a weight of 𝑁−30
𝑁

, where 𝑁 denotes the total number of households in the village, as reported in
the 2011 Census. The test of joint significance does not include farm income, since it is endogenous to the
intervention. Standard errors are in parentheses.
t

2
v
t
w
e

The experiment was designed to separately identify how selected
orrowers differed from those not selected (selection effects), and the
ffect of the intervention conditional on selection (conditional treat-
ent effects). Specifically, in the TRAIL and GRAIL arms, loans were

ffered to only 10 households randomly chosen from the 30 whom
he agent had recommended in the village. By comparing these treated
ouseholds with those that were also recommended but were not cho-
en to receive the loans, we can identify the effect of the TRAIL/GRAIL
oans conditional on selection. Similarly, in the GBL arm only 2 of the
oint liability groups that had formed in the village were randomly
elected, and each member was offered the loans. Comparing them with
ouseholds that also formed groups but were not randomly selected
o receive loans, identifies the effect of the GBL loans, conditional
n self-selection. Importantly, there were no pure control villages in
he research design, and therefore we follow the methodology for the
arsimonious design discussed in Section 2.

. Data and descriptive statistics

Between 2010 and 2013, we conducted eight waves of surveys with
sample of 50 households in each of the 72 villages. In each village,

he sample includes all 10 households that were randomly assigned to

recommended. In the GBL scheme, the MFI that organized the group meetings
received as commission 75 percent of the interest paid by GBL borrowers.
4

receive the subsidized loans (Treatment households) and 10 randomly
selected households from among those that were also selected, but not
assigned to receive the loans (Control 1 households). In addition, it
includes 30 Control 2 households, which are randomly chosen from the
set of households that were not selected (they were not recommended
by the TRAIL/GRAIL agents or did not form GBL groups).9

In Table 1 we present summary statistics of household character-
istics, farm and non-farm income, as reported in the first round of
household surveys, for households that owned no more than 1.5 acres
of land. As columns 2–4 show, the characteristics of households in
the three treatment arms are very similar. The pair-wise differences
are almost always statistically non-significant (results available upon
request). Using a multinomial logit regression, we cannot reject the null
hypothesis that on average, observable household characteristics do not
explain assignment to treatment arm (p-value = 0.993).10

9 We do not include Control 2 households in our sample when we estimate
he conditional treatment effects in the next section.
10 Since we drew a purposive sample of Treatment, Control 1 and Control
households, we do not expect our sample means to be representative of the

illage populations. To estimate representative means, we re-weight the sample
o inflate each household in inverse proportion to the probability that they
ould be selected into the sample. Thus, Treatment and Control 1 households
ach receive a weight of 30

𝑁
and Control 2 households receive a weight of 𝑁−30

𝑁
,

where 𝑁 denotes the total number of households in the village, as reported in
the 2011 Census. In this way we can scale up the sample proportions in each
land category to arrive at the population proportions.
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Table 2
Estimated Welfare Impacts of the Loan Interventions.

𝜃 = 0 𝜃 = 0.5 𝜃 = 1 𝜃 = 1.5 𝜃 = 2
(1) (2) (3) (4) (5)

Panel A: Conditional treatment effects on household welfare

TRAIL 2177.856 12.866 0.079 5.08E−04 3.43E−06
(1388.13, 3008.86) (8.027, 17.920) (0.048, 0.112) (2.92E−04, 7.41E−04) (1.75E−06, 5.16E−06)

GRAIL 391.313 3.602 0.030 2.51E−04 2.07E−06
(−569.11, 1339.80) (−2.30, 9.44) (−0.010, 0.069) (−3.78E−05, 5.35E−04) (−2.13E−07, 4.35E−06)

GBL 59.175 0.944 0.008 5.22E−05 2.30E−07
(−1249.20, 1717.19) (−6.69, 10.29) (−0.040, 0.063) (−2.73E−04, 4.03E−04) (−2.11E−06, 2.66E−06)

Panel B: Change in aggregate welfare (using treatment proportions)

TRAIL 49.845 0.294 0.002 1.16E−05 7.86E−08
(19.057, 71.584) (0.112, 0.426) (0.001, 0.003) (3.83E−06, 1.74E−05) (2.14E−08, 1.21E−07)

GRAIL 9.162 0.084 0.001 5.87E−06 4.84E−08
(−16.370, 31.429) (−0.072, 0.221) (−0.0003, 0.002) (−2.08E−06, 1.27E−05) (−1.50E−08, 1.03E−07)

GBL 1.006 0.016 0.000 8.87E−07 3.90E−09
(−20.683, 32.898) (−0.108, 0.188) (−0.001, 0.001) (−4.17E−06, 7.33E−06) (−3.34E−08, 5.12E−08)

Panel C: Comparison of welfare effects

P(GRAIL = TRAIL) 0.000 0.000 0.000 0.000 0.000
P(GBL = TRAIL) 0.000 0.000 0.000 0.000 0.000
P(GBL = GRAIL) 0.000 0.000 0.000 0.000 0.000

Notes: Welfare impacts are estimated following the procedure outlined in Section 2, where 𝜃 indicates the value of the inequality-aversion parameter. In Panels A and B, the terms
n parentheses denote the bootstrapped 90% confidence interval (with 2000 replications). To compute the changes in aggregate welfare in Panel B we use the empirical treatment
roportions: these are 2.3%, 2.3% and 1.7% for the TRAIL, GRAIL and GBL schemes respectively. Panel C presents the p-values from Mann–Whitney rank-sum tests using 2000
ootstrap replications, comparing the aggregate welfare effects of the schemes.
a

v

r
p

c
a

Table A.1 in the Appendix shows summary statistics about village
emographics and infrastructure, computed using data from the 2011
ensus of India and from a 2007 pre-intervention village census con-
ucted for a different project (see Mitra et al., 2018).11 We can reject
he null hypothesis that these village-level characteristics can jointly
xplain assignment to treatment arm, indicating that the villages were
alanced on these observables.

Recall that selected households were randomly assigned to Treat-
ent and Control 1 groups. Maitra et al. (2017) (Table 1) and Maitra

t al. (2021) (Table 1) show that they were balanced on observable
ousehold characteristics.

. Empirical estimates

Following the methodology laid out in Section 2, below we describe
ur empirical estimates for the impact of the three interventions on
ggregate welfare. We start by estimating the conditional treatment
ffects. These are then multiplied by the treatment proportions to arrive
t unconditional estimates of the aggregate welfare effects. We also
iscuss the results of statistical tests comparing the welfare effects of
he three interventions.

.1. Computing the CTEs

To estimate the conditional treatment effects, we restrict the sam-
le to Treatment and Control 1 households and run the following
egression:

(𝑦𝑖𝑣𝑡; 𝜃) = 𝛽0 + 𝛽1TRAIL𝑣 + 𝛽2GRAIL𝑣 + 𝛽3Treatment𝑖𝑣
+ 𝛽4(TRAIL𝑣 × Treatment𝑖𝑣) (7)
+ 𝛽5(GRAIL𝑣 × Treatment𝑖𝑣) + 𝜉𝐗𝑖𝑣𝑡 + 𝜖𝑖𝑣𝑡

ere 𝐗𝑖𝑣𝑡 is a set of household characteristic variables, including land-
olding, household caste and religion, the age, education and occupa-
ion of the oldest male in the household, year dummies and a dummy
or the village information treatment.12

11 This survey was conducted in 72 villages. However Maoist violence in
010 forced us to replace four of the 72 villages from our 2007 sample.
herefore Table A.1 uses a sample of only 68 villages.
12 The information intervention was undertaken for a separate project exam-

ning the effect of providing information about potato prices to farmers and is
5

v

The dependent variable in the regression is household welfare
𝑈 (𝑦𝑖𝑣𝑡) =

𝑦1−𝜃𝑖𝑣𝑡
1−𝜃 , corresponding to a specific non-negative value of 𝜃.

The value 𝜃 = 1 corresponds to the log utility function.13 Here 𝑦𝑖𝑣𝑡 is
ggregate farm income for household 𝑖 in village 𝑣 in year 𝑡, which is

the sum of value-added from the four major crop categories: potatoes,
paddy, sesame and vegetables.14 The explanatory variable TRAIL𝑣
indicates whether village 𝑣 was assigned to the TRAIL intervention and
GRAIL𝑣 indicates whether it was assigned to the GRAIL intervention.
The default category includes villages assigned to the GBL intervention.
Treatment𝑖𝑣 indicates if the household was assigned to receive the loan,
thus these are intention to treat estimates. This allows us to estimate
the conditional treatment effects on household welfare in the TRAIL
villages as 𝛽3 + 𝛽4, in the GRAIL villages as 𝛽3 + 𝛽5, and in the GBL
illages as 𝛽3.

In each column of Table 2 Panel A, we present the results from
unning this regression for different values of the inequality-aversion
arameter 𝜃. When 𝜃 takes value 0, the welfare impact represents the

change in average farm income. In line with results in Maitra et al.
(2017, 2021), we find in column 1 that the TRAIL scheme increased
the average farm income of recommended households by Rs.2178.
The 90% bootstrapped confidence interval does not include zero.15

The point estimates for both the GRAIL (Rs.391) and the GBL (Rs.59)

similar to the public information treatment described in Mitra et al. (2018).
Villages were assigned to the information treatment randomly and orthogo-
nally to the credit intervention we examine here. The results are unchanged
if we exclude this dummy variable from the regression specification.

13 To deal with the problem of negative farm income, we winsorize the
top and bottom 1% of the distribution of farm income and add a constant
of Rs. 15,000.

14 Our farm surveys were timed with the planting and harvest seasons, and
asked detailed questions about input quantity, input price, and output quantity
data for each crop the household planted. Each individual sales transaction was
recorded, and we tracked sales out of storage, as well as delayed payments.
We believe this approach minimized measurement error. However in the
Appendix we discuss how the welfare estimates can be corrected for possible
measurement error.

15 Bootstrap samples were drawn using a stratified (by treatment arm)
lustered (by village) random procedure, to ensure that each sample contained
n equal number of randomly drawn TRAIL, GRAIL and GBL villages. Once a
illage was drawn into the sample, all original sample households from that
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Fig. 1. Cumulative distribution functions of estimated changes in aggregate welfare for different inequality-aversion parameters.
Notes: Cumulative distribution functions are drawn from 2000 bootstrap estimates of aggregate welfare impacts of the TRAIL, GRAIL and GBL schemes.
schemes are smaller in magnitude and statistically indistinguishable
from zero. In Table 2 columns 3–6, we estimate the welfare effect for
four different 𝜃 values, increasing from 0.5 to 2 in 0.5 unit increments.16

At higher values of 𝜃, the farm incomes of low income households
receive greater weight in the welfare calculation. Therefore, the same
increase in farm income would have a larger impact on welfare if it
accrued to a lower-income household than a higher-income household,
and the welfare reduction caused by an increase in the inequality of
farm income distribution is more likely to overpower the increased
welfare caused by higher average incomes. However, we see that the
TRAIL CTEs remain positive and statistically significant. This suggests
either that very low-income households benefited from the TRAIL
scheme relatively more than higher-income households, or that any
increase in inequality is very small compared to the efficiency increase.
The CTEs of the GRAIL and GBL schemes continue to have positive
point estimates, but remain non-significant. Thus not only did these
schemes have a small effect on the average household, there is also
no evidence to suggest that they particularly benefited lower income
households.

5.2. Computing the treatment proportions

Recall that households had to satisfy two conditions to receive
loans offers: they had to be selected as potential beneficiaries (either
through recommendation by the TRAIL/GRAIL agent, or through self-
selection in GBL groups), and then had to be randomly assigned to the
treatment group. The probability that a household would be selected

village were included. In each bootstrap sample we estimate the conditional
treatment effects of each scheme.

16 The literature in public economics has generally considered values of 𝜃
between 0 and 2 (Braverman et al., 1987; Newbery, 1987; Bhattacharya and
Komarova, 2021). In Table A.2 we present estimates with 𝜃 = 3, 4 and 5. As
the value of 𝜃 increases, the comparisons become stable.
6

is Pr(𝑠). Next, the likelihood of being assigned to treatment is denoted
by probability 𝑝. Thus the treatment proportion is given by 𝑝Pr(𝑠). Our
calculations show that across the 24 TRAIL villages, 6.9 percent of our
sample households were recommended for loans. Since one-third of the
recommended households were offered loans, the treatment proportion
for the TRAIL intervention is (6.9 × 0.33 =) 2.3 percent. Similarly,
across the 24 GRAIL households, 7 percent of our sample households
were recommended, and since one-third of them were offered loans,
the treatment proportion is 2.3 percent. In GBL villages, 5.1 percent of
our sample households formed groups, and the treatment proportion is
1.7 percent.

5.3. Change in aggregate welfare as a result of the interventions

In Panel B of Table 2, we compute the implied change in aggregate
village welfare as the product of the conditional treatment effects as
presented in Panel A, and the treatment proportions described above.
This measures the change in aggregate welfare that would be expected
if the intervention were introduced in a representative village. Once
again, only the TRAIL scheme increased aggregate welfare at the 𝜃
values we consider. The point estimates for the GRAIL and GBL schemes
are non-significant at all values of the inequality aversion parameter.
We present confidence intervals from bootstrapped estimates of the ag-
gregate welfare effects.17 In Fig. A.1 we present the change in aggregate
welfare as a proportion of base welfare (average welfare of Control 1
and Control 2 households, re-weighted) for 𝜃 ∈ {0, 0.5, 1, 1.5, 2}. For
every value of 𝜃, the aggregate welfare impact of the TRAIL scheme
exceeds that from the GRAIL scheme, which in turn is larger than the
welfare impact of the GBL scheme.

17 Since the treatment proportions are sample estimates, the conversion from
CTEs to aggregate welfare effects has introduced sampling error. Therefore,
in each bootstrap sample we estimate the treatment proportion and multiply
this with the estimated conditional treatment effect to obtain the bootstrapped
treatment effect on average welfare.
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Fig. 2. Conditional and unconditional treatment effects by land class and QTEs.
Notes: Panel A shows the estimated CTEs across the four land classes, for 𝜃 = 1. The unconditional treatment effects in Panel B are obtained by multiplying the CTE estimate
for each land class by the treatment proportions, or the fraction of group 𝑔 households in the villages that received the treatment, so that TE𝑔 = 𝛼𝑔𝑠𝑔CTE𝑔 . Panel C presents the
Quantile Treatment effects for 𝜃 = 0. The treatment proportions are 0.020, 0.025, 0.023 and 0.022 for the four land classes in the TRAIL intervention 0.013, 0.026, 0.029 and
0.032 for the GRAIL intervention, and 0.024, 0.018, 0.013 and 0.011 for the GBL intervention. See Fig. A.2.
5.4. Comparing the welfare impacts of the interventions

Welfare estimates at different inequality aversion levels are not
comparable. Instead, our approach is more useful for comparisons
across interventions, for a given level of inequality aversion (𝜃).

In Panel C of Table 2, we compare the average welfare impacts
of the three interventions. We conduct pair-wise Mann–Whitney rank-
sum tests on the 2000 bootstrap replications. At all 𝜃 values, in each
pair-wise comparison we can reject the null hypothesis that the inter-
ventions generate identical welfare effects.

In Fig. 1 we present the cumulative distribution functions of these
estimated changes in aggregate village welfare from our 2000 bootstrap
replications. These corroborate our findings from the rank-sum tests. At
every value of 𝜃, the TRAIL scheme first order stochastically dominates
both the GRAIL and the GBL schemes.

6. Welfare decomposition

A decomposition of the aggregate welfare effects by sub-group
can help understand how the effects of the intervention differ among
households with different characteristics. Since the Atkinson welfare
function is additively separable, the average welfare impact of the
intervention can be written as a weighted average of the conditional
treatment effects on welfare of the different groups. Letting 𝑔 denote
the subgroup that the household lies in, we can write:

𝑊 (𝑇 ) −𝑊 (𝐶) =
∑

𝑔
𝛼𝑔𝑠𝑔CTE𝑔 (8)

where 𝛼𝑔 denotes the demographic weight of group 𝑔, and 𝑠𝑔 de-
notes the fraction of group 𝑔 that was treated.18 The conditional treat-
ment effect CTE𝑔 equals 𝐸[𝑈 (𝑦)|𝑠, 1, 𝑇 , 𝑔] − 𝐸[𝑈 (𝑦)|𝑠, 0, 𝑇 , 𝑔], where
𝐸[𝑈 (𝑦)|𝑠, 1, 𝑇 , 𝑔] and 𝐸[𝑈 (𝑦𝑖)|𝑠, 0, 𝑇 , 𝑔] denote average utility among
Treatment and Control 1 subjects respectively, within group 𝑔 in treat-
ment villages. Thus, the overall welfare impact can be expressed as the
(population share) weighted average of the product of 𝛼𝑔𝑠𝑔 and the
CTEs across different groups.

6.1. Empirical decomposition results by landholding groups

In principle, this decomposition could be conducted along any
dimension of inter-household heterogeneity. Below, we decompose the
welfare effect across different classes of land ownership. We make
this choice for multiple reasons. One, landholding is one of the most
important and stable observable determinants of variation in farm

18 We can think of 𝛼 𝑠 as the treatment proportion for group 𝑔.
7

𝑔 𝑔
income.19 In an analysis of variance (ANOVA) between farm income
and explanatory variables landholding, area of the homestead, presence
of an in-house toilet, brick-and-mortar house construction, electricity
connection, ownership of a radio/television, a savings account and a
telephone (landline or mobile), household size, head’s education and
indicators for the head’s occupation, landholding explains 42% of the
total explained variation from the model. Two, as Table A.3 in the
Appendix shows, landholding is also a good predictor of households’
socio-economic status more broadly. In households that owned more
land, heads were more likely to have completed primary school, and
were more (less) likely to report their main occupation as cultivation
(casual labor). Households with more land lived in larger houses that
were more likely to be constructed with brick and mortar (pucca), have
electrical connections, and an in-house toilet. They were also more
likely to own televisions or other audio-visual electrical appliances,
telephones, and bank savings accounts.20

To estimate the conditional treatment effects (CTE𝑔) on welfare for
each land group 𝑔, we run the following regression:

𝑈 (𝑦𝑖𝑔𝑣𝑡) =
𝐺
∑

𝑔=1
𝛾𝑔(𝑍𝑖𝑔𝑣) +

𝐺
∑

𝑔=1
𝛿𝑔(𝑍𝑖𝑔𝑣 × TRAIL𝑣) +

𝐺
∑

𝑔=1
𝜁𝑔(𝑍𝑖𝑔𝑣 × GRAIL𝑣)

+
𝐺
∑

𝑔=1
𝜂𝑔(𝑍𝑖𝑔𝑣 × Treatment𝑖𝑔𝑣)

+
𝐺
∑

𝑔=1
𝜉𝑔(𝑍𝑖𝑔𝑣 × TRAIL𝑣 × Treatment𝑖𝑔𝑣) (9)

+
𝐺
∑

𝑔=1
𝜅𝑔(𝑍𝑖𝑔𝑣 × GRAIL𝑣 × Treatment𝑖𝑔𝑣) + 𝜆𝐗𝑖𝑣𝑡 + 𝜖𝑖𝑔𝑣𝑡

where 𝑍𝑖𝑔𝑣 is an indicator for whether household 𝑖 in village 𝑣 belongs
to land category 𝑔. The sample is restricted to Treatment and Control 1
households. The TRAIL, GRAIL and GBL conditional treatment effects
for a household in land group 𝑔 are given by 𝜂𝑔 + 𝜉𝑔 , 𝜂𝑔 + 𝜅𝑔 and 𝜂𝑔
respectively; 𝐗𝑖𝑣𝑡 is as defined earlier.

At positive levels of the inequality aversion parameter 𝜃, Eq. (9)
delivers a sub-group analysis of the welfare effect, where higher 𝜃

19 In the three years that we followed our sample, only 6% of households
bought or sold any land.

20 Within each land category household characteristics were balanced across
treatment arms. In each land class, we cannot reject the null hypothesis that
these household characteristics do not predict assignment to treatment arm.
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values represent welfare functions that place more weight on lower-
income households within a land class.21 Following Eq. (8), we multiply
the estimates with 𝑠𝑔 , or the fraction of group 𝑔 households that
received the treatment, to obtain the (unconditional) treatment effects
for each land class.

This decomposition also illustrates how our welfare estimation ap-
proach differs from the QTE approach. In Fig. 2, Panels A and B show
the land group-specific conditional and unconditional treatment effects
on welfare when 𝜃 = 1. In this specification, changes in individual
welfare correspond to proportional income changes. We restrict the
discussion to the TRAIL intervention, since the welfare effects of the
GRAIL and GBL interventions are never statistically different from zero.
The CTE estimates in Panel A show that the TRAIL scheme increased
farm income for landless households by 1.9 percent, for the land class
0–0.5 acres by 9.7 percent, for those with 0.5–1 acre by 16.8 percent,
and for the highest land class of 1–1.5 acres by 5.4 percent. Thus, the
scheme benefited those in the intermediate land groups by more than
those in either the lowest or highest land categories. Our data suggest
that TRAIL agents were equally likely to recommend households in
all four land class groups (see Fig. A.2).22 As a result, the uncondi-
tional treatment effects in Panel B follow a very similar pattern to the
conditional treatment effects.

On the other hand, the quantile treatment effects presented in Panel
C show that the TRAIL scheme increased all income deciles above
the 5th decile, and the effect was not different from zero at lower
deciles. Thus they indicate that the scheme increased inequality, but
do not provide a method to evaluate how this trades off against the
increased average incomes. In particular, the QTE indicates that the
total impact on farm income was highest for the largest landholding
group, obscuring the fact that this group experienced a smaller propor-
tional change in income compared to intermediate landholding groups.
As the decomposition exercise indicates in Panels A and B, the larger
proportional increase in income for the intermediate landholding group
contributed to a reduction in inequality.

7. Conclusion

Our approach has several advantages. Its conceptual underpinnings
provide a clear rationale for the welfare evaluations that it generates.
It is simple to implement and to understand, and does not require
strong assumptions for a clear-cut interpretation: the average treatment
effect on welfare is consistently estimated under the same assump-
tions used to estimate the average treatment effect on the outcome
variable itself. Importantly, in contrast to commonly used approaches
that generate a vector of heterogeneous treatment effects for different
beneficiary groups, or at quantiles of the outcome distribution, our
method provides a single summary quantitative measure of the welfare
impact.

We also highlight the fact that the Atkinson approach and the
quantile treatment effects approach provide different insights. Quan-
tile treatment effects estimate impacts of the intervention at different
quantiles of the outcome distribution. The Atkinson approach explicitly
builds in a consideration of the distributional effects, but does not
estimate the effects at different points of the outcome distribution. The
aggregate welfare impact accounts for both the efficiency and equity
impacts of the intervention, for any chosen level of inequality aversion.

21 Note that when 𝜃 = 0, Eq. (9) delivers sub-group analysis of treatment
ffects on income, similar to the standard in the literature. As we see in Fig. A.3
n the Appendix, the qualitative patterns are similar for 𝜃 = 0.5.
22 While TRAIL agents were equally likely to recommend households in

any of the four landholding classes; the selection pattern of GRAIL agents
was regressive: they were more likely to recommend households with
larger landholdings. The GBL scheme disproportionately attracted landless
8

households. w
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Appendix

A.1. Additional tables and figures

A.2. Estimation of distributive impacts when income is measured with error

We discuss here how the calculation of the average treatment effects
on welfare is affected by classical measurement error in income.

Let the model be written as

𝑌𝑖 = 𝛼 + 𝛽T𝑖 + 𝜖𝑖 (A.1)

where 𝑌𝑖 is true income of farmer 𝑖 in a given land class, T𝑖 is an
indicator for the farmer’s treatment status and 𝜖𝑖 is a zero-mean i.i.d.
residual.

Suppose instead the researcher observes

𝑦𝑖 = 𝑌𝑖 + 𝑚𝑖 (A.2)

where 𝑚𝑖 is classical zero-mean measurement error.
Then we have

𝑦𝑖 = 𝛼 + 𝛽T𝑖 + 𝑒𝑖 (A.3)

where 𝑒𝑖(≡ 𝜖𝑖 + 𝑚𝑖) has zero mean, and a variance greater than 𝜖𝑖. In
ther words, the measurement error causes the variance of observed
ncome to be greater than those of true income. Also since errors are
ormal, odd order moments are not affected.

The welfare of household 𝑖, given by 𝑈 (⋅), is a continuous, increas-
ng, concave function of 𝑌𝑖. Then, if this household is in the treatment
roup, its expected welfare is given by

𝑇 = 𝐸𝑈 (𝛼 + 𝛽 + 𝜖𝑖) (A.4)

hereas if instead it is in the control group, its expected welfare is given
y

𝐶 = 𝐸𝑈 (𝛼 + 𝜖𝑖) (A.5)

iving us this expression for the average treatment effect

TE = U𝑇 − U𝐶 = 𝐸𝑈 (𝛼 + 𝛽 + 𝜖𝑖) − 𝐸𝑈 (𝛼 + 𝜖𝑖) (A.6)

hereas measured ATE equals:

TE𝑚 = 𝐸𝑈 (𝛼 + 𝛽 + 𝜖𝑖 + 𝑚𝑖) − 𝐸𝑈 (𝛼 + 𝜖𝑖 + 𝑚𝑖)

sing Taylor expansions up to the 𝑘th degree to approximate ATE and
TE𝑚, we obtain

TE =
𝐾
∑

𝑘=1
(𝜇1𝑘 − 𝜇0𝑘)𝜎𝑘 (A.7)

TE𝑚 =
𝐾
∑

𝑘=1
𝜇1𝑘 − 𝜇0𝑘𝜎

𝑘
𝑚 (A.8)

here 𝜎𝑘 and 𝜎𝑘𝑚 respectively denote 𝑘th order moments of 𝜖𝑖 and 𝑒𝑖
respectively, and

𝜇1𝑘 = 1
𝑘!

𝑢𝑘(𝛼 + 𝛽) (A.9)

0𝑘 = 1
𝑘!

𝑢𝑘(𝛼) (A.10)

here 𝑢𝑘 is the 𝑘th order derivative of the welfare function.
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Fig. A.1. Change in aggregate welfare expressed as ratio of base welfare.
Notes: The height of each bar shows the change in aggregate welfare caused by the intervention, as a ratio of base welfare (average welfare of Control 1 and Control 2 households,
re-weighted) in the villages where the intervention was implemented. The absolute values of change in aggregate welfare are presented in Table 2.
Fig. A.2. Treatment proportions, by intervention and land class.
Notes: The points represent the treatment proportions 𝑝Pr(𝑠), given as the product of the probability a given land class is selected as a potential beneficiary of the intervention
scheme, and the fraction of selected households that were randomly chosen to be offered the program loan.
If for example, the welfare function is quadratic in income, given by
𝑈 (𝑦) = 𝑦2, then 𝑈1(𝑦) = 2𝑦 and 𝑈2(𝑦) = 2, then the bias in estimating
ATE is approximated by ATE𝑚 −ATE =

∑𝐾
𝑘=1[𝜇1𝑘 − 𝜇0𝑘][𝜎𝑘𝑚 − 𝜎𝑚]. Then,

when 𝑘 = 1, 𝜎1 = 𝐸(𝑒𝑖) = 0. When 𝑘 = 2, 𝜇12 = 𝜇02 = 2, while
𝜇1𝑘 = 𝜇0𝑘 = 0∀𝑘 > 2. The third term is zero, and measurement error
does not add any bias.
9

If instead, as in our paper, the welfare function belongs to the family
of Atkinson functions, then we have

𝑈 (𝑦) =
𝑦1−𝜃

1 − 𝜃
; 𝜃 ≠ 1 (A.11)

and 𝜇 = −𝜃(𝛼 + 𝛽)−𝜃−1; 𝜇 = −𝜃(𝛼)−𝜃−1.
12 02
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Fig. A.3. Decomposition of Welfare Effects by Land Class, 𝜃 = 0 & 0.5.
Notes: Panel A shows the estimated CTEs across the four land classes following Eq. (9), for 𝜃 values 0 and 0.5. The unconditional treatment effects in Panel B are obtained by
multiplying the CTE estimate for each land class by the treatment proportions, as per Eq. (8). The treatment proportions are 0.020, 0.025, 0.023 and 0.022 for the four land
classes in the TRAIL intervention 0.013, 0.026, 0.029 and 0.032 for the GRAIL intervention, and 0.024, 0.018, 0.013 and 0.011 for the GBL intervention. See Fig. A.2.
Then, if measurement error inflates measured income variance by

𝑥%, the second moment is overestimated by 𝑥𝜎2, and contributes to the

bias

𝜎2𝑥 [𝜇 − 𝜇 ] = −𝜃𝜎2𝑥 [(𝛼 + 𝛽)−𝜃−1 − 𝛼−𝜃−1] (A.12)
10

2 12 02 2
where 𝜎2, 𝛼 is the mean of the control group, and 𝛽 is the estimated
average treatment effect on income. Ignoring moments of order higher
than 2, we can use Eq. (A.12) to calculate the bias resulting from a
given level (𝑥) of income measurement error.

To check whether our welfare effect comparisons across the three
treatments are robust to different levels of measurement error, we
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Table A.1
Balance of Village-level Characteristics, by Village Treatment Arm.

All TRAIL GRAIL GBL Differences: Two-way comparisons
(1) (2) (3) (4) (2)–(3) (2)–(4) (3)–(4)

Number of households 377.75 340.77 327.65 457.58 -13.14 −116.81 −129.95
(42.57) (56.24) (69.74) (113.93) (89.59) (106.88) (113.93)

Proportions by landholding class
Landless 0.18 0.18 0.18 0.17 0.00 0.02 0.02

(0.01) (0.03) (0.03) (0.02) (0.04) (0.03) (0.03)
0–0.5 acres 0.34 0.32 0.36 0.34 −0.04 −0.02 0.02

(0.02) (0.03) (0.03) (0.03) (0.04) (0.04) (0.04)
0.5–1 acre 0.22 0.23 0.20 0.22 −0.03 0.01 0.02

(0.01) (0.02) (0.02) (0.02) (0.03) (0.03) (0.03)
1–1.5 acres 0.10 0.10 0.11 0.11 −0.01 −0.01 0.00

(0.01) (0.01) (0.02) (0.01) (0.02) (0.02) (0.02)
> 1.5 acres 0.17 0.17 0.15 0.17 0.02 −0.00 0.02

(0.01) (0.02) (0.02) (0.02) (0.03) (0.03) (0.03)
Percent households electrified 0.615 0.603 0.652 0.591 −0.049 0.01 0.061

(0.03) (0.06) (0.05) (0.05) (0.08) (0.08) (0.08)
Has primary school 0.779 0.773 0.773 0.792 0.00 −0.02 −0.02

(0.05) (0.09) (0.09) (0.08) (0.129) (0.12) (0.12)
Has primary health center 0.221 0.273 0.182 0.208 0.09 0.06 −0.03

(0.05) (0.10) (0.08) (0.08) (0.13) (0.13) (0.12)
Has bank branch 0.074 0.00 0.045 0.167 −0.05 −0.17 −0.12

(0.03) (0.00) (0.05) (0.08) (0.05) (0.08) (0.09)
Has MFI 0.00 0.00 0.00 0.00 0.00 0.00 0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Has tarred road 0.353 0.27 0.36 0.42 −0.09 −0.14 −0.05

(0.06) (0.10) (0.11) (0.10) (0.14) (0.14) (0.15)
N 68 22 22 24
F-test of joint significance 0.45 1.11 0.51
𝑝-value 0.81 0.37 0.77

Notes: The number of households in the 72 sample villages is taken from the 2011 Census of India village directory. Proportions of households
in each landholding class are calculated from the 2007 house-listing exercise we conducted in 68 of these 72 villages for a previous studies
reported in Maitra et al. (2017, 2021). Other village-level characteristics are sample means from 68 village surveys conducted in 2007. Four
villages from the Maitra et al. (2021) study were replaced in 2010 because of Maoist conflict, and we do not have pre-intervention village
census or village survey data for the replacements. Number in parentheses are standard errors.
Table A.2
Estimated Welfare Impacts of the Loan Interventions for Higher Values of 𝜃.

𝜃 = 3 𝜃 = 4 𝜃 = 5
(1) (2) (3)

Panel A: Conditional treatment effects on household welfare

TRAIL 7.49E−10 1.21E−13 2.04E−17
(2.816E−10, 1.211E−09) (3.004E−14, 2.073E−13) (3.670E−18, 3.632E−17)

GRAIL 6.09E−10 1.22E−13 2.38E−17
(−1.900E−10, 1.320E−09) (−8.067E−14, 2.863E−13) (−2.192E−17, 5.851E−17)

GBL −1.03E−10 −5.72E−14 −1.58E−17
(−6.755E−10, 4.923E−10) (−1.579E−13, 4.942E−14) (−3.316E−17, 3.380E−18)

Panel B: Change in aggregate welfare (using treatment proportions)

TRAIL 1.71E−11 2.78E−15 4.68E−19
(3.545E−12, 2.776E−11) (4.093E−16, 4.770E−15) (7.330E−20, 8.269E−19)

GRAIL 1.43E−11 2.86E−15 5.58E−19
(−5.860E−12, 3.142E−11) (−2.196E−15, 6.768E−15) (−5.729E−19, 1.388E−18)

GBL −1.76E−12 −9.72E−16 −2.68E−19
(−1.094E−11, 1.063E−11) (−2.633E−15, 1.489E−15) (−5.607E−19, 1.870E−19)

Panel C: Comparison of welfare effects

P(GRAIL = TRAIL) 0.000 0.000 0.761
P(GBL = TRAIL) 0.000 0.000 0.000
P(GBL = GRAIL) 0.000 0.000 0.000

Notes: Welfare impacts are estimated following the procedure outlined in Section 2, where 𝜃 indicates the value of the inequality-aversion parameter. In Panels A and B, the terms
n parentheses denote the bootstrapped 90% confidence interval (with 2000 replications). To compute the changes in aggregate welfare in Panel B we use the empirical treatment
roportions: these are 2.3%, 2.3% and 1.7% for the TRAIL, GRAIL and GBL schemes respectively. Panel C presents the p-values from Mann–Whitney rank-sum tests using 2000
ootstrap replications, comparing the aggregate welfare effects of the schemes.
f
c
m
i

t

o the following. First, for each loan intervention scheme and each
nequality aversion parameter value 𝜃 ∈ {0.5, 1, 1.5, 2}, we compute the
ias for different assumptions about the extent by which measurement
rror inflated measured income variance, ranging from 5% to 20%, in
ncrements of 5 percentage points. Next, we correct our actual estimates
or this bias. To check if the welfare effects differ between the different
nterventions, we generate a distribution of corrected welfare estimates
11

w

rom a bootstrapped sample of 2000 draws from our dataset. We then
arry out ranksum test on the corrected welfare estimates, in the same
anner as we do for the actual welfare estimates (as reported in Table 2

n the paper).
In Fig. A.4 in the Appendix we present the bias-corrected condi-

ional treatment effects as a percentage of the base welfare (average
elfare of Control 1 and Control 2 households) for different assumed
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Table A.3
Household Characteristics by Landholding Class, Pooled TRAIL, GRAIL & GBL Samples.

Landless 0–0.5 acres 0.5–1 acre 1–1.5 acres
(1) (2) (3) (4)

Head’s education: primary or more 0.234 0.356 0.564 0.650
(0.02) (0.01) (0.02) (0.03)

Head’s occupation: cultivation 0.056 0.381 0.689 0.696
(0.01) (0.01) (0.02) (0.02)

Head’s occupation: Labor 0.677 0.404 0.089 0.041
(0.02) (0.01) (0.01) (0.01)

Non-Hindu 0.188 0.146 0.195 0.181
(0.02) (0.01) (0.04) (0.02)

Disadvantaged caste 0.565 0.417 0.286 0.203
(0.02) (0.01) (0.02) (0.021)

Area of house and homestead (acres) 0.037 0.048 0.063 0.074
(0.00) (0.00) (0.00) (0.00)

Brick-and-mortar house 0.207 0.280 0.344 0.379
(0.02) (0.01) (0.02) (0.03)

Electrified house 0.666 0.729 0.811 0.841
(0.02) (0.01) (0.01) (0.02)

Separate toilet in house 0.434 0.541 0.664 0.741
(0.02) (0.01) (0.02) (0.02)

Owns radio/ TV/ VCR/ DVD 0.350 0.420 0.541 0.639
(0.02) (0.01) (0.02) (0.03)

Owns telephone (mobile or landline) 0.446 0.528 0.706 0.796
(0.02) (0.01) (0.02) (0.02)

Has savings bank account 0.268 0.410 0.576 0.680
(0.02) (0.01) (0.02) (0.02)

Farm income 869.59 4660.63 12044.86 17871.63
(139.84) (197.25) (440.04) (867.43)

Observations 666 1263 796 365
Test of joint significance for assignment to treatment
𝜒2 statistic 32.64 28.30 24.09 32.08
p-value 0.112 0.248 0.456 0.125

Notes: Data are from the first round of household surveys. Disadvantaged caste includes Scheduled Caste
(SC) and Scheduled Tribe (ST) households. The test of joint significance does not include farm income, since
it is endogenous to the intervention. Standard errors are in parentheses.
Fig. A.4. Conditional treatment effects corrected for measurement error bias.
Notes: Bias-corrected conditional treatment effects as a percentage of the base welfare (average welfare of Control 1 and Control 2 households, re-weighted) presented for different
assumed extents of measurement error in farm income, by 𝜃 and intervention arm.
extents of measurement error in farm income, by 𝜃 and treatment.
For all values of 𝜃 and all assumed levels of measurement error, the
corrected CTE in TRAIL > GRAIL > GBL.
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