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Abstract

We exploit the unique experimental design of a social program to understand how cash

transfers to eligible households indirectly affect the consumption of non-eligible households

living in the same villages. This indirect effect on consumption is positive, and it operates

through insurance and credit markets: non-eligible households benefit from their neigh-

bors’ higher income by receiving more transfers, by borrowing more, and by reducing their

precautionary savings. This exercise shows 1) how social programs may benefit the local

economy at large, not only the treated; 2) how this beneficial effect is spread in the locality

through informal credit and insurance arrangements; 3) how looking only at the effect on

the treated results in an underestimation of the program impact. One should analyze the

effects of this type of program on the entire local economy, rather than on the treated only,

and use a village-level randomization, rather than selecting treatment and control subjects

from the same community.
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1 Introduction

Policy interventions in developing countries are likely to affect all the residents of the areas

where they are implemented. The program evaluation literature, however, is mainly focused

on estimating the program effects on the treated, rather than the effects on the non-treated,

or locality-wide effects. These indirect effects may be either positive or negative, and their size

may be large in communities where the lack of formal markets and institutions creates strong

interactions between small groups of households.1 This paper estimates the indirect effects of

the flagship Mexican welfare program, Progresa, on the consumption of non-eligible households,

and studies the mechanisms through which these indirect effects occur.

Started in 1997 and still ongoing, Progresa’s aim is improving poor households’ education,

health, and nutrition through sizeable conditional cash transfers to poor households. In our

sample of rural villages, more than half of the households are treated.2 The targeted villages

are small and agriculture is the main, and often sole economic activity. The limited crop

variety, the exposure to natural disasters, the absence of credit and insurance institutions, and

extensive within-village kinship relationships create incentives to engage in informal risk-sharing

activities. If this is the case, treated households will share part of their higher income with

members of their social network through gifts or loans. Therefore, the entire village will benefit

from the program.

Understanding the program’s indirect effects and their causes is important for three reasons:

first, because this type of program has become very popular and therefore a careful evaluation

is needed.3 Second, the study of indirect effects has implications for the design of policies and
1Miguel and Kremer (2004) provide evidence of positive spillovers of de-worming in Kenya. On the contrary,

job subsidies to specific groups of workers might have harmful effects on the employment of close substitutes.
See Blundell et al. (2004), De Giorgi (2005), and Lise et al. (2005), among others.

2The transfers are conditional upon children school attendance, participation to nutrition classes, and pe-
riodic health checks. See Levy (2006) for details on the program and a survey of the literature on Progresa.
Schultz (2004) and Todd and Wolpin (2006) evaluate the effect of Progresa on schooling and discuss some policy
alternatives.

3Programs with a similar format are currently implemented in numerous countries, including Bangladesh,
Bolivia, Brazil, Colombia, Honduras, Jamaica, Mexico, and Nicaragua. A program with a similar structure may
soon be piloted in New York City (Herbert, 2006).
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of the experiments to evaluate them. Third, the data enable us to see how a positive income

shock is transmitted through the local economy.

We can estimate these effects under fairly weak identification assumptions because of the

unique design of the experimental trial and evaluation data. There is a village-level random-

ization and we have a census of all households, irrespective of eligibility for the treatment.

Thus, we have information on four groups: eligible and non-eligible households in treatment

and control villages. Non-eligible households in control villages provide a valid counterfactual

for the non-eligible in treatment villages under the assumptions that assignment is truly ran-

dom and control villages are not indirectly affected by the program. The identification relies

on the fact that only a subgroup of households in the village is eligible for a particular policy

(Moffitt, 2001). A comparison of non-eligible households’ consumption, loans, and transfers in

treatment and control villages enables us to identify the indirect effect of the program on these

outcomes.

We sketch a simple model to show that, if villagers share risk, Progresa will cause an

increase in consumption, loans, and transfers for non-eligible families. Consistent with the

predictions of the model, food consumption for the non-eligible in treated villages increases by

about 10% per month per adult equivalent in May and November 1999. This effect is roughly

50% of the average increase in food consumption for eligible households since November 1998;

failure to consider this indirect effect results in a 12% underestimate of the treatment impact.

Non-eligible households in treatment villages consume more by borrowing more money (mainly

from family and friends) and by receiving more transfers. We provide additional evidence on

households’ consumption, loans, and transfers that is consistent with risk-sharing behavior and

with the assumption that the program is not changing the pre-existing degree of insurance.

We rule out alternative potential causes for the observed consumption increase, including

changes in labor earnings and increases in either goods prices or in income from higher sales

3



through higher demand. Therefore, we conclude that the indirect program effect on consump-

tion is not generated by an increase in earnings. Instead, we find a small reduction in the stock

of grains and animals at the beginning of the program.

A limitation of the program evaluation literature is that there is often a sizeable difference

between the experimental estimates of treatment effects and the effect of the policy on the

population. This normally occurs for two reasons. Usually one can only estimate the treatment

effect on the treated, and not, as in our case, its indirect effect on the non-treated. Second, the

experiment normally involves a small fraction of the relevant population; when the treatment

is extended to the whole population, it may have general equilibrium effects that offset the

partial equilibrium ones estimated from experimental data.4 Our analysis does not suffer from

this limitation because we observe the treatment effect on the non-treated (indeed, we make

it the focus of the paper). Further, in this case the effect is not a function of the size of

the treated population, but of the informal risk-sharing network. As long as this network is

primarily village-specific, we can predict positive indirect effects on consumption irrespective

of the number of localities that receive Progresa assistance. Thus, contrary to many active

labor market programs, the indirect treatment effects reinforce the direct effects in this class of

policies.

We contribute to the program evaluation literature in several ways. First, we show that

a class of widely implemented aid policies has large positive indirect effects on consumption.5

Second, we establish how these indirect effects operate, and that they are a feature of the

nationwide program, rather than of the evaluation sample only. Third, we point out that the

unit of analysis to evaluate this class of policies is the entire local economy, rather than only

the treated.6 The implication for the design of policy evaluations is that the experimental
4See Heckman et al. (1998) and Lise et al. (2005), among others.
5Bobonis and Finan (2005), and Lalive and Cattaneo (2005) show that there are also indirect effects on

schooling. Philipson (2000), Katz et al. (2001), Sacerdote (2001), and Duflo and Saez (2002) are some other
papers studying social interactions.

6In this sense, our work is also related to the papers that set up and calibrate structural models to estimate
general equilibrium effects, which we mentioned earlier.
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data should be randomized at the village level, as done in the Progresa evaluation, rather than

within a given locality, as is often the case.

We also add to the literature that studies consumption smoothing in low-income economies

by showing how a cash injection into a group of households affects all families living in the same

village (e.g., Townsend, 1994 and Ligon et al., 2002, among others). Ineligible households living

in treated villages receive 1) more informal loans (e.g., Rosenzweig, 1988; Townsend, 1995b;

Udry, 1994), 2) more transfers from family and friends (e.g., Rosenzweig, 1988b; Rosenzweig

and Stark, 1989; Fafchamps and Lund, 2003), and 3) reduce their livestock and grains (e.g.,

Deaton, 1992; Rosenzweig and Wolpin, 1993; Udry, 1996; Lim and Townsend, 1998). Unlike

most of the empirical literature, we can identify to what extent a household’s positive income

shock benefits the other village members: for every 10 pesos transferred by Progresa to the

eligible households, the consumption of non-eligible households increases by approximately 1

peso.

The paper is organized as follows: Section 2 describes the structure of the program, the

data collected for its evaluation, and the village characteristics indicating there is scope for

risk-sharing. In Section 3 we sketch a simple risk-sharing model to derive a set of testable

hypotheses; Section 4 discusses the identification of the parameters of interest, and Section 5

estimates and interprets these parameters, showing there is a positive indirect treatment effect

on consumption that occurs through higher loans and transfers. Section 6 rules out alternative

explanations for this indirect effect and Section 7 checks that the estimated effects are consistent

with each other. Section 8 concludes.
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2 The data and village characteristics

2.1 Program structure and data characteristics

Progresa (currently re-named Oportunidades) is an ongoing Mexican program that targets

poor households, providing grants to improve education, health, and nutrition. Started in 1997

and with transfers beginning around March 1998, this program had about 5 million recipient

households in more than 92,000 localities by the end of 2006. The program provides grants in

the form of nutritional subsidies, as well as scholarships for children attending third to ninth

grade. The recipients of the transfers are women. The grants, paid bimonthly, are conditional

upon family visits to health centers, women’s participation in informal workshops on health

and nutrition issues, and verification that children attended classes at least 85% of the time

during the previous sixty days. Scholarships are larger for higher school grades and for females

attending secondary school. The monthly amounts range between 70 pesos for third grade to

225 pesos for males and 255 pesos for females in ninth grade.7,8 These payments correspond

to approximately one half to two thirds of the wage a child would earn by working full time

(Schultz, 2004), and cannot exceed a monthly total of 625 pesos per household.9 The actual

monthly grants up to November 1999 are sizeable, averaging 200 pesos per household, or 32.5

pesos per adult equivalent. This is about 23% and 16% of the average food consumption per

adult equivalent for the poor and non-poor in control villages (which are respectively 140 and

200 pesos).

The experimental data for the evaluation of Progresa contain information on households

from a sub-sample of 506 poor rural villages in seven different states. Because of the program’s

geographic phase-in, 186 villages are randomized out and receive the treatment only at the

end of 1999. Program eligibility depends on poverty status, and households are classified as
7These are the amounts of the scholarships in November 1998, the first post-program wave for which we have

data. Unless otherwise specified, all our monetary data are in November 1998 prices.
8The exchange rate is approximately 10 pesos for 1 US dollar.
9The scholarships were smaller in 1998 and were later adjusted to keep their real value constant.
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being poor or non-poor according to an assessment of their permanent income from information

collected in the September 1997 census of localities.10 There were two rounds of selection of

eligible households in Progresa. 52 percent of households were classified as poor in 1997. A

few months later, but before the beginning of the program, 54% of the households initially

classified as non-poor were added to the beneficiary group. However, about 60% of these

households did not receive the transfers because of administrative problems, irrespective of

their compliance with the eligibility rules. Thus, this group of re-classified households is in

practice a mix of treated households and eligible but non-treated households who may actually

expect transfers and behave accordingly. Because their behavior and incentives are unclear,

we drop them from our data (unless otherwise specified) and keep only households initially

classified as poor and non-poor families whose status was not revised.11 Note that these re-

classified households are both in treatment and control villages, in equal share because of the

village randomization. Therefore the characteristics of the non-poor in treatment and control

villages are not systematically different.

The households are informed that, after they are classified as poor and non-poor, their

eligibility status will not change until November 1999, irrespective of any income variation.

Thus, households have no incentives to either reduce their labor supply or to lie when providing

information on sensitive variables such as income. All residents of both control and treatment

villages were then interviewed about every six months, first in November 1998 - about a semester

after the beginning of the payments, and later in May and November 1999. This provides

information from three different points in time after the beginning of the program, as well as

pre-program data from September 1997 and March 1998.

Our data can be divided into four groups: poor and non-poor households in treatment and
10For a detailed discussion of the selection criteria both for villages and households see Skoufias et al., 1999b.
11For example, the re-classified households may initially change their children’s school enrollment, expecting a

transfer, or increase consumption by borrowing against their future transfers, which they know they will receive
by the end of 1999 at the latest.
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control villages. Only poor households in treatment areas receive the Progresa transfers. Poor

households in control villages know they will be included in the program at the end of 1999,

provided they are still poor and the program is still in place.12 The structure of the data and

experimental design is shown in Figure 1.

The data are collected both before the program starts, in September 1997 and March 1998,

and during the first 18 months of its implementation, in November 1998 and May and Novem-

ber 1999. Our empirical analysis uses the pre-program data whenever possible, estimating

treatment effects using difference-in-difference estimators, as we specify case by case.

The sample size for the non-poor varies across the three data waves: we observe 5280,

4443, and 4502 households in November 1998 and May and November 1999, respectively. The

sample size changes in the same way for the poor. These differences may be due to household

dissolution or death, to temporary or permanent migration, or to household members being

unavailable for interviews. To confirm there are no differential attrition rates by village type

for the non-poor, we checked whether the ratio of residents in treatment and control villages is

stable across the three waves, which it is: the share of non-poor living in treatment villages is

61% in the first two semesters and 60% in the third one.

2.2 The need for risk-sharing

Consumption smoothing is especially important in developing countries, since, when income is

low, a negative shock might have catastrophic consequences. This section shows the need for

informal insurance in the sampled villages, in which there is hardly any income diversification

and formal insurance is absent.13

The September 1997 data show that agriculture is the main activity in 97% of villages, and

the sole activity in 56% of localities (out of the remaining 44% of villages with other activities,
12The existence of the program could not be guaranteed beyond 1999 because Progresa may have been discon-

tinued by the new administration, after the 2000 general election. Each new administration in Mexico generally
begins its own programs, rather than continuing their predecessor’s (Levy, 2006).

13For a survey on income versus consumption smoothing see Morduch, 1995.
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50% engage in cattle farming, and 28% in trade). 88% of villages report corn as the main (and

often sole) crop, while beans are the secondary crop in 60% of localities. Only 42% of villages

cultivate 3 different crops. Thus, crop diversification does not play an important role in income

smoothing.

These rural economies are subject to natural disasters: on average, 39, 57, and 30% of

village residents suffered from at least one calamity in the 6 months prior to November 1998,

May 1999, and November 1999. Water shortages, frost, and floods are the most typical shocks,

hitting a total of 30, 9, and 5 percent of households in the three periods, while other natural

disasters such as earthquakes, hurricanes, fires, or pests are less frequent. Labor earnings also

vary substantially across households (the coefficient of variation, CV, is 2.5, computed in 1997

for all 506 villages), as well as within households (CV is 2.2 for control villages only). This

variation is mostly idiosyncratic, arising from within-household variation.14

Despite the need for insurance, formal credit and insurance institutions are virtually absent.

In November 1998, fewer than 1% of villages have credit or consumption cooperatives, and fewer

than 3% have NGO’s or production associations. Instead, informal institutions abound: 89%

of villages engage in communal activities or chores; 85% of villages have a community assem-

bly, 87% a parent association, and 38% a religious organization, respectively. This is hardly

surprising, given the small size of these remote villages: the average number of households

per locality is 51, the median 46. In addition, mobility is low. In November 1998 and 1999

only a small number of individuals had left the household in the previous 5 years, about 5%

of the total sample size. 20% of such individuals live in the same village as the household of

origin. A consequence of the lack of mobility is that most families are related. Angelucci et

al. (2007) report that 80% of the households have at least one related family member in the

village, that the average size of this extended family network is 7.7 households, and that 52%

of its members are eligible for the program, so extended families are composed of both poor
14These results should be interpreted with some caution, given the short time-series available.
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and non-poor households.

Altogether, the high income risk, the absence of formal risk-sharing institutions, and the

abundance of long-lasting relationship between village members strongly suggest that villagers

engage in risk-sharing activities.

3 A simple risk-sharing model

In this section we sketch a simple risk-sharing model to show why the credit and insurance

market is an important channel for the transmission of positive income shocks to the entire

village.

Absent formal institutions, households in poor villages rely on each other to insure against

risk, and form networks of friends, relatives, and neighbors. The repeated interactions between

a small number of households are important tools to address information and enforcement

problems (Fafchamps and Lund, 2003; Bloch, Genicot, and Ray, 2005; Mobius and Szeidl,

2007). Gifts, transfers, informal loans, and other risk-sharing arrangements are based on the

key requirement that the receiver of a gift or the borrower will reciprocate.15 The cost of not

reciprocating may be the exclusion from future mutual insurance or other punitive sanctions.

Therefore, households share income shocks within their social network.

We model Progresa as an anticipated temporary positive shock to eligible households’ in-

come that increases village aggregate resources. The incentives to share the Progresa transfers

with the non-eligibles are high, since the cash transfers are initially guaranteed for less than

two years and their receipt is publicly observed. For these reasons, we expect the cost of fu-
15This implies that credit and insurance markets are in practice merged (see Platteau and Abraham, 1987

and Udry, 1994, among others); therefore, in the rest of the paper we will consider them jointly, and often refer
to them as the “credit market”. In this paper we consider loans as a pure insurance device, abstracting from
any specific feature of a standard credit market. One additional way to think about the credit market is via a
standard model of demand and supply of credit, where the cash transfers decrease the interest rate, increasing
loans. This model, however, does not explain potential changes in transfers between family and friends. Further,
it relies as much as our model on the fact that the borrower will not renege on the agreement, and will repay the
loan. Moreover, a comparison of interest rates in 2003, the only year for which interest rate data are available,
shows no difference between treated and non-treated villages. For that year, nominal interest rates are about
20%.
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ture exclusion from the insurance network to more than offset the benefit of not sharing the

transfers. In addition, the Progresa transfers will partly crowd out private transfers to the

treated, as these households are less needy (Attanasio and Rios-Rull, 2000, and Albarran and

Attanasio, 2004). These two mechanisms insure that both eligible and non-eligible households

will be able to consume more as a consequence of the program. We illustrate this idea with

the help of a simple model. While the model we consider is not new (in fact, it draws heavily

from Cochrane (1991), Mace (1991) and Townsend (1994), among others) we need it to define

the notation and to derive the testable hypotheses.

Consider two infinitely lived agents, i ∈ {1, 2}, with instantaneous utility function ui =

(1−δ)ln(ci), a rate of inter-temporal preference δ < 1, an endowment yi, no storage technology,

and no leisure. Each agent receives a random income yi(s) = ȳi + εi(s) that varies in different

(finite) states of the world s ∈ S and all risk is idiosyncratic. The income is the sum of a

deterministic component, ȳi, and a random shock εi(s). We assume that the distributions

of pairs of random shocks (ε1(s), ε2(s)) is symmetric and independent over time, as in Coate

and Ravallion (2003). Each state of the world occurs with a positive probability π(s), with

∑
s π(s) = 1. In each state of the world the sum of the agents’ consumption equals the total

available resources, c1(s) + c2(s) = y1(s) + y2(s) > 0.

The social planner maximizes a weighted average of the agents’ utility functions, where the

weights λ ∈ (0; 1) and (1 − λ) represent the relative importance of the two agents. In the

absence of commitment issues, the maximization problem is:

maxc1U =
∑

s

π(s)[λln(c1(s)) + (1− λ)ln(y1(s) + y2(s)− c1(s))]

We can derive the optimal consumption levels in each state from the first-order conditions.
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These are:

c∗1(s) = λ(y1(s) + y2(s)) (1)

c∗2(s) = (1− λ)(y1(s) + y2(s)) (2)

As well-known, with full risk-sharing consumption depends only on aggregate resources and on

the Pareto weights, and not on the individual endowments. The agents smooth consumption

making transfers to each other. The optimal transfer in each state of the world is:

d∗(s) = y1(s)(1− λ)− y2(s)λ (3)

where d∗(s) > 0 if y1(s) > c∗1(s), in which case agent 1 transfers part of her income to agent

2, and vice versa. This implies that, when the less wealthy agent has a positive income shock,

she may make positive transfers to the wealthier agent. For example, suppose that wealth is

ȳ1 = 10 and ȳ2 = 15, and that the weights are λ = 2
5 and (1 − λ) = 3

5 . Consider a good state

of the world for both agents, but especially for agent 1: y1 = 14 and y2 = 16. Consumption is

c∗1 = 2
5(30) = 12 and c∗2 = 3

5(30) = 18, therefore agent 1 will transfer d∗ = 2 to agent 2, despite

their negative income differential and the fact that also agent 2 had a good shock.16

Suppose agents 1 and 2 represent eligible and non-eligible households, respectively. The

Progresa transfer temporarily increases agent 1’s income by a fixed quantity t: y1(s) = ȳ +

t + ε(s), increasing the total resources available in treatment villages.17 The consumption

of both agents is a positive function of y1(s), and agent 1’s transfer to agent 2 is a positive

function of her income, i.e. ∂d∗(s)
∂y1(s) (or, alternatively, the transfer from agent 2 to agent 1 is a

negative function of agent 1’s income). Therefore, the effect of this exogenous change in y1(s)
16We chose the figures to roughly match the consumption ratios of poor and non-poor in the data.
17We model the Progresa transfer in this way to show that the program temporarily increases the deterministic

component of income, but it does not have a permanent effect on the income process.
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is an increase in both c∗2(s) and d∗(s), from equations (2) and (3). The model shows that, as

Progresa increases the income of eligible households while leaving λ and y2(s) unchanged, the

consumption of both eligible and non-eligible families will increase, and so will the net transfers

to the non-eligible. These results generate our testable hypotheses:

Hp 1: ∂c∗2(s)
∂y1(s) > 0. Progresa increases the consumption of non-eligible households in treatment

villages.

Hp 2: ∂d∗(s)
∂y1(s) > 0. Progresa increases net transfers to the non-eligible in treatment villages.

Despite being a highly stylized representation of reality, we believe our model may resemble

some simple risk-sharing agreements that the villagers implement in real life, such as sharing

some given proportion of their good shocks with friends and relatives. One way to make the

model closer to reality would be to consider the case of limited commitment, in which contracts

are not enforceable. In that case the households share risk only if contracts are self-enforcing,

i.e. if their utility from risk sharing is at least as high as the utility without risk sharing in each

period and state of the world.18 Showing how Progresa affects the non-poor’s consumption and

transfers using a limited commitment model is not straightforward, as different values of the

parameters will yield opposite predictions.19 Moreover, a more complicated model does not add

much to this discussion: as shown in the literature, as long as the households are sufficiently

patient and risk-averse, and for sufficiently high income inequality, the poor will be willing to

share their temporary good income shock with the other villagers, albeit perhaps to a smaller

extent than with full insurance (e.g. Coate and Ravallion, 1993).

While initially perceived as temporary, at some point the households may consider the trans-

fers as more long-lasting, for instance after finding out that Progresa would continue beyond
18Risk sharing with limited commitment has been studied, among others, by Kehoe and Levine (1993), Coate

and Ravallion (1993), Kocherlakota (1996), and Ligon et al. (2002).
19For instance, in theory it is possible that the availability of the program cash transfers may induce the poor

to consume all their income without sharing the good shock, giving up risk sharing altogether. However, in
practice this seems unlikely, given the uncertainty about the continuation of the program and the overall poverty
levels and exposures to risk, unless the households are extremely impatient or not very risk averse. See Alvarez
and Jerman (2000) for conditions under which autarky is the only feasible allocation.
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1999. This would increase treated households’ wealth and bargaining power, reduce village

income inequality, and alter the pre-existing risk-sharing arrangements. Absent commitment

problems, agent 1 would simply receive a bigger share of aggregate resources. With limited com-

mitment, the effect of a change in wealth is unclear a priori.20 We show evidence inconsistent

with this hypothesis in Appendix A.

4 Identification and estimation

Our data consist of a partial-population experiment (Moffitt, 2001), as the treatment is offered

only to a subset of the villagers. This enables us to observe how the change in outcomes for

the eligible households affects the behavior of the non-eligible ones. Further, the treatment

is offered only to a randomized set of villages and the data provide information on all village

residents, irrespective of their eligibility for the program. These features of the data enable us

to estimate treatment effects on non-eligible households in treatment villages.

Define Y1i as the potential outcome for non-poor (NPi = 1) in treatment villages (Ti = 1)

in the presence of the treatment. Y0i is the potential outcome for non-poor (NPi = 1) in

treatment villages (Ti = 1) in the absence of the treatment. The observed outcome is: Yi =

Y0i + Ti(Y1i − Y0i). The treatment is the existence of Progresa transfers to poor households

(NPi = 0) in treatment villages (Ti = 1). The average effect of the program on non-poor

households living in treatment villages, which we call the Indirect Treatment Effect (ITE), is

then:

ITE = E(Y1i − Y0i|Ti = 1, NPi = 1) = E(Y1i|Ti = 1, NPi = 1)−E(Y0i|Ti = 1, NPi = 1).

Under the assumptions of random assignment, the expected value of Y0, the potential outcome in
20The theoretical predictions may vary depending on the values of the parameters and on the choice of utility

function. Coate and Ravallion (2003) find that when realization of income pairs for two households are closer it
is easier to reach first best allocation. Genicot (2005) shows that, keeping aggregate income constant, inequality
between the two agents increases the likelihood of first-best risk sharing.
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the absence of the treatment, is the same in both treatment and control villages, i.e. E(Y0i|Ti =

1, NPi = 1) = E(Y0i|Ti = 0, NPi = 1). If there are no program spillover effects to control

villages, the difference

E(Yi|Ti = 1, NPi = 1)− E(Yi|Ti = 0, NPi = 1) (4)

identifies the ITE. Despite the randomization, equation (4) would not identify an average ITE

if outcomes of non-poor households in control villages were indirectly affected by the program.

However, if there are indirect program effects for non-poor households in both treatment and

control villages, the sign of these effects is likely to be the same for the two groups. In this

case, the above parameter would identify a lower bound to the ITE.21

We obtain estimates of the ITEs comparing mean observed outcomes for the non-poor in

treatment and control villages. If we do the same for poor households, we estimate the average

treatment effect (ATE) on the eligibles under the assumption that E(Y0i|Ti = 1, NPi = 0) =

E(Y0i|Ti = 0, NPi = 0).22

Bobonis and Finan (2006) and Lalive and Cattaneo (2006) use the same data to esti-

mate peer effects on schooling. Our approaches are similar because we all exploit the partial-

population experiment to identify indirect treatment effects. However, unlike these other pa-

pers, we do not attempt to separately identify contextual and endogenous social interactions.
21For example, suppose that the increase in school enrollment of treated children reduces child labor. This

decrease in labor supply may results in higher employment and earnings for non-poor households in both treatment
and control villages. In this particular case, however, we do not find sizeable general equilibrium effects in our
data, as we will discuss later.

22Note that in practice the difference between the ATE and the average treatment on the treated effect is
negligible, because about 97% of eligible households participate to the program.
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5 Indirect Treatment Effect on consumption: estimates and

causes

Now we can express our two testable hypotheses in terms of treatment effects:

Hp 1: Progresa increases the consumption (C) of non-eligible households in treatment villages,

i.e. ITEC > 0.

Hp 2: Progresa increases net transfers (L) to the non-eligible in treatment villages, i.e. ITEL >

0.

5.1 Effect on consumption

Table 1 shows food consumption averages, as well as estimates of treatment effects for both

non-poor and poor households. We computed measures of monthly food consumption per adult

equivalent to ease the comparison between poor and non-poor households, since their sizes differ

(for example, in November 1999 the average household sizes are 5.8 and 5 adult equivalents

for the poor and the non-poor). We used an equivalence scale estimated from these data and

constant prices. Appendix B provides further details on the creation of these variables.

As expected, on average the non-poor consume substantially more than the poor (about

40% more in control villages). However, non-poor households are clearly not very well off; their

average food consumption in control areas is about 200 pesos, i.e. about 20 U.S. dollars, per

adult equivalent per month. Lastly, consumption is higher in treated areas for both sets of

households: while the program has no indirect effect in November 1998, a few months after the

program transfers began, the ITE on food consumption is significantly higher by 19.3 and 17.3

pesos per adult equivalent in May and November 1999. The estimated effects are 20.7 and 18.8

when we add conditioning variables. This corresponds to about a 10 percent increase over the

average consumption in control villages.
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The above results are robust to a variety of checks. First, we ruled out that some non-poor

may be erroneously receiving the program transfers by checking the administrative records.

Second, we verified that the estimated effects are not caused by a disproportionate increase

in the consumption of few families, but rather that food consumption increases for all the

non-poor. For this purpose, we estimated average consumption for treatment and control

households, grouping them according to their poverty level. Figure 2 provides kernel estimates

of these averages, and shows that consumption is higher in treatment villages for all poverty

levels.23 As a further test, we compared the densities of consumption for the non-poor in

treatment and control villages, shown in Figure 3: as expected, low consumption levels are less

frequent in treatment villages, and vice versa.

Third, we estimated treatment effects on the quantity, rather than the value of food con-

sumption, for the main staples of the Mexican diet.24 This exercise is interesting for two

reasons: it is a useful robustness check because, to compute the value of home-produced food,

we had to impute prices from purchased goods. If the imputed prices were inaccurate, this

would provide imprecise consumption data. More importantly, it shows which types of food are

being consumed more. Table 2 reveals that the consumption of all types of food - vegetables

and fruits, meat and dairy products, and cereals and grains - is increasing. This is especially

important since the typical diet of all villagers, both non-poor and poor, relies primarily on

corn, and is deficient in both micro-nutrients (e.g. minerals and vitamins) and animal proteins.

To complete this investigation, Table 3 shows estimates of ITEs on the log consumption of

the various food categories, expressed in their peso value. Again, we find increases in the value

of the consumption of fruits and vegetables and of meat, dairies and fish, besides a higher

consumption of grains and cereals, and no change in the consumption of industrialized food,
23An OLS regression allowing for the interaction of the welfare index with the treatment dummy confirms such

observation, the interaction term is positive and significantly different from zero.
24These are: tomatoes, carrots, leafy vegetables, oranges, lemons, apples, corn, tortillas, wheat, rice, beans;

chicken, other meat, cheese, eggs, and milk.
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poor in nutrients. This is further evidence that the non-eligibles’ diet is becoming richer in

total calories, proteins, and micro-nutrients, with likely beneficial effects on their health and

productivity.25

Fourth, we estimated the ITE on food consumption using alternative ways of treating

households with extremely large reported consumption levels and of measuring consumption.

Fifth, we used pre-program food expenditure (observed in March 1998) to estimate the ITE

using difference-in-difference estimators, or adding pre-program expenditure as a conditioning

variable, despite the absence of significant pre-program differences.26 We report a subset of the

estimated effects in Table 4, where we also experiment with different ways to deal with outliers

and with adding a set of covariates at baseline values: the significance of the effects is largely

unchanged. We do not present difference-in-difference estimates as our key results because the

March 1998 data provide information on expenditures only, so we do not observe pre-program

consumption. In developing countries consumption of home-produced goods or bartered goods

may be a sizeable fraction of total food consumption. Further, rather than asking detailed

item-by-item questions, as in the later data waves, the March 1998 data report only aggregate

expenditures, likely grossly understating true expenditures.

When we estimated the ITE on total non-food consumption, we did not find significant

effects robust across different specifications: the point estimates are positive, especially in May

1999, but not always significant. In part this is not surprising, primarily because our non-

food consumption data are not as precisely measured as food consumption, and probably also

because non-food consumption is lumpier. To have a better understanding of the treatment

effect on non-food consumption, we estimated individual ITEs on the following items: products

for personal and household hygiene; household tools and accessories; clothes and shoes, grouped
25See also Hoddinott et al., (2000).
26The difference in pre-program food expenditure (observed in March 1998) between the non-poor in treatment

and control villages is either 0.57 pesos (and the standard error is 10.37), or -2.86 (standard error 9.00), according
to which of two available measures we use. We obtain the first one from total weekly food expenditure data, and
the second one from weekly expenditures by food category: vegetables and fruits; grains and cereal; meat, fish,
and dairy products; industrial products.
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by gender for adults and children. As shown in Table 5, we found significant indirect treatment

effects on the consumption of household-related goods (cleaning products in 1998, housewares,

imprecisely estimated, in 1999) and child clothing. Their magnitude is very low, though: the

highest significant ITE we estimated (cleaning products in November 1998) is 1.4 pesos per

month per adult equivalent.

The program effect on food consumption for the poor, instead, is positive and significant in

all three periods and grows over time, consistent with the existing evidence (Hoddinott et al.,

2000, and Gertler et al., 2006); it amounts to 15.8, 25.7, and 30.6 pesos per adult equivalent in

the three waves we observe. The ATE for non-food consumption is positive and significant in

1999, and it amounts to 6.1 and 5.3 pesos per adult equivalent per month, respectively.

5.2 Effect on loans and transfers

We now proceed to test the hypothesis of positive ITEs on loans and transfers. Unfortunately

we have no direct information on the identity and location of network members, so it is not

clear how to define a social network. However, the data presented above strongly suggests that

neighbors, relatives, and friends who live in the village may be an important part of it. Lastly,

the evidence from the existing literature confirms that village-level networks are important.

Townsend (1994) finds there is a very high level of risk-sharing between villagers in India; Udry

(1994) reports that almost no loan in his sample of northern Nigerian villages crosses the village

boundary, and he argues geographic proximity generates informational advantages.

We have information on the receipt of loans in the previous six months, and of monetary

and in kind transfers from family and friends during the previous month. Credit is informal:

70% of loans occur among friends or relatives (and a further 9% through local moneylenders).27

Our data suffer from the following limitations: first, we do not observe the identity of
27The first figure lines up with the observation of Fafchamps and Lund (2003) for rural villages in the Philip-

pines.
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lenders and donors, nor whether they belong to poor or non-poor households. Second, while

in principle we also have data on transfers given, this variable is unreliable, hence we cannot

build a good net transfers variable. For example, in the November 1999 data 319 households

report they received transfers from families living in the same village, while only 41 households

appear to have made a transfer to a family in the same village. We suspect the poor may be

afraid to admit they are sharing the Progresa grants with the non-poor.28 Third, we observe

both loans and transfers only in November 1998, when very little money had been transferred

to treated households. In the remaining waves, we observe loans in May 1999, and transfers in

November 1999.

We report means, standard deviations, and proportion of households receiving loans or

transfers in Table 6. Only about 12 percent of the non-poor and 8 percent of the poor receive

any resources in November 1998. The average monthly receipt amounts to some 400 pesos

for the non-poor, and to 220 pesos for the poor. Interestingly, this pattern is common for all

variables and semesters: a higher proportion of the non-poor receives resources, compared to the

poor, and their average receipt is larger, both in treatment and in control villages. This could

be a scale effect: the non-poor are wealthier than the poor, therefore they earn, consume, and

borrow more. Further, loans are larger in size than monetary transfers. This is consistent with

the evidence for the Philippines in Fafchamps and Lund (2003), i.e. that risk is shared through

informal loans, rather than through transfers. Lastly, for the non-poor both the proportion

of recipients and the size of the receipt are larger in treatment than in control areas (with a

couple of exceptions for monetary and in-kind transfers), while the pattern is more mixed for

the poor.

To test our prediction that the program cash transfers result in more loans and transfers

for the non-poor, we estimate treatment effects on the probability of receipt, and on the size
28We use this variable to compute net transfers. However, we also consider gross transfers only. The results

do not change.
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of loans and transfers. These results are in Table 7. We report both OLS and tobit estimates

of the effects on the levels, since tobit is inconsistent in the presence of heteroskedasticity

(although the estimator performs well under moderate departures from the homoskedasticity

assumption). For this reason, and because we may have failed to control for some potential

outliers, we consider the probit estimates as the most reliable of the set.29

Note that the non-poor in treatment villages may receive more resources both from treated

households, which can lend more money and transfer resources to non-treated neighbors because

their income has increased, and from other non-treated households, which may shift resources

from poor households (less needy of help because they receive Progresa grants) to non-poor

households within the same network. Further, some non-poor households will also receive

good income shocks. However, because of the randomization, the distribution of shocks does

not differ between treatment and control villages, so is differenced out in the computation of

treatment effects.

The main conclusion from this exercise is that the non-poor do receive more transfers and

loans: the estimated ITEs are positive in all waves and significant especially in 1999, when

the poor have received more Progresa money. The effects are sizeable: for example, in May

1999 the likelihood of receiving loans increases by 1.4 percentage points, or 38%, and its size

by roughly 10 pesos or 50-60% of the observed consumption increase for the corresponding

time period. In November 1999 the likelihood of receiving monetary transfers increase by 1.4

percentage points, or roughly 50%, and its level grows by about 4 pesos or 22-24% of the

observed consumption increase. Thus, the magnitude of the estimated effects is consistent with

the size of the consumption increase, and suggests that the effect on the credit market is an

important determinant of the estimated consumption increase.

As a minor point, the ITE for in-kind transfers is significant both in 1998 and 1999, but
29Note that the non-response rates, which vary between 0 and 5.4% for non-poor households, do not differ

between treatment and control areas. This may have been an important issue, owing to the relatively small
number of households reporting loans or transfers.

21



positive first and then negative. This may suggest that households transfer more food or

clothes when there is little extra cash in the treated localities, while they shift the composition

of transfers towards money when there is more currency in the local economy.30

Lastly, in-kind transfers to the poor decrease in 1999, but we find no other significant

decrease in loans and transfers to treated households. Intuitively, this contradicts both our

theoretical model, according to which transfers to the poor in treatment villages should be

lower than in control villages, and the discussion in Albarran and Attanasio (2004). Probably

this effect is offset by the eligible households’ increased ability to borrow using their Progresa

entitlement as a collateral, or by their increased wealth, making the other villagers more keen

to engage in risk-sharing activities with them.31 The public transfers do crowd out private

transfers to the poor, but not from other villagers: in unreported regressions we found that

migrant remittances to eligible households decrease by about 144 pesos per month in November

1999, a 30% decrease compared to the level in control villages.32 The likelihood of receiving

remittances does not change, nor is there any significant effect for the non-poor.

6 Alternative channels

We now test for alternative mechanisms that might cause a consumption increase for the non-

eligible. The estimated consumption increase (C) may be caused by higher income (Y ), besides

higher loans and transfers (L), and lower savings (S), as summarized in the following accounting

identity, which holds for each household i:

∆Yi + ∆Li = ∆Ci + ∆Si + ∆Ii (5)
30Unfortunately we do not have any information on the value of in-kind transfers, so we cannot compute the

total value of transfers.
31We experimented with adding conditioning variables, or with different treatments of outliers, but we could

never find a robust set of significant results that showed how public transfers crowd out monetary transfers for
the poor.

32The standard error is 78.
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where ∆ is the indirect program effect for each outcome of interest.

The program may increase income through changes in the labor and goods market, as well

as through an increase in the receipt of alternative welfare transfers.

6.1 Labor market

Labor earnings for the non-poor may increase if the program affects the poor labor supply.

The cash transfers have two potential effects on treated households: to decrease adult labor

supply because of its income effect, and to move treated children from employment to schooling.

These two mechanisms should partly offset each other, as parents may have to make up for

the reduced child labor. Further, given the extreme poverty of treated households and the

guaranteed eligibility to the program, the income effect is probably very small. Even if labor

supply decreased among treated households, the overall effect on the labor market may be

negligible if this market is sufficiently integrated. The evidence in Parker and Skoufias (2000)

suggests that the effect on the treated labor supply is negligible: first, the drop in child labor

is not very large, as only 22% of boys and 8% of girls work before the program starts. They

estimate a 2.5 to 3 percentage point reduction in child labor for boys, 1.2 percentage points for

girls. Second, there is no change in adult leisure time.

We investigate this hypothesis by testing whether labor income differs in treatment and con-

trol villages. Our measure of monthly labor earnings per adult equivalent is the sum of income

from primary and secondary occupations, using the reported wages (which may be daily, weekly,

monthly or annual) and hours worked, and earnings from informal work activities (provision

of transportation, cooking, sewing, repairs, carpentry, and various other paid services). Table

8 reports estimates of the treatment effects for both the non-poor and poor, which are never

statistically different.33 Lastly, we tested for differences in hours of work, which never change
33Some households report zero labor income. We interpret them as very low earnings, or as measurement error

due e.g. to illness, in which case the OLS estimates are consistent.
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for the non-poor.34 Thus, we find no evidence that the increase in consumption is caused by

labor-related indirect program effects.

6.2 Goods market

Progresa may affect the goods market through at least two channels. First, poor households’

higher expenditure may increase goods prices in treatment villages. Second, the non-poor may

increase sales to the poor (e.g. the non-poor may be land owners and sell produce and meat).

In practice we do not expect sizeable effects, since this market is fairly integrated. Chicken,

meat, and medicines are sold in less than 10% of the villages, and even staples such as corn,

flour, and milk are not sold in 53% of the sampled villages.35

To test for effects on the goods market, we first compare prices in treatment and control

localities.36 To do so, we consider village prices by good over time. We provide details on the

creation of the price variables in the Appendix, as well as estimates of the price differences

between treatment and control villages (Tables B1 and B2). While we find a small positive

effect on 5 out of 36 food prices in November 1998, prices of staples such as rice, beans, corn,

and chicken do not change. Therefore, we do not expect any substantial increase in the cost

of the food basket. Moreover, we find no food price change in the later waves, nor evidence of

changes for non-food prices. The evidence presented here is fully consistent with earlier work

of Hoddinott et al. (2000).

We further test whether there is a program effect on sales of agricultural products and of

animals for poor and non-poor. To do so, we compare both level and probability of agricul-

tural costs and net sales, and of livestock sales and purchases, as well as levels of net sales
34Results available upon request.
35The Progresa demand shock may not affect prices of tradeable goods, but increases prices of non-tradeables.

However, we showed above that labor earnings, which include earnings from services, do not increase.
36Note that the higher consumption of treated households may increase local goods prices, resulting in higher

nominal prices. However, this would not explain the observed increased consumption, since we use real prices in
our measures of consumption.
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of agricultural products and animals.37 Table 9 shows estimates of the ITEs and ATEs for

these variables, at November 1998 prices. The main result for the non-poor is that their goods

income is not increasing: in fact, in 1998 both their agricultural gross sales and the likelihood

of having any such sales at all are slightly decreasing, while livestock net sales do not change

(although gross purchases increase significantly). There is weak evidence that net sales drop

by about 5 pesos per adult equivalent (i.e. by 30%) in treatment villages and the likelihood of

having any sales is 3.7 percentage point lower (i.e. 25% lower) than in control villages. This is

consistent with the fact that the non-poor are now consuming part of their grains.

It is often difficult to separate investment from savings and production costs. While there

is no conceptual reason why Progresa would indirectly decrease investment for the non-poor,

one may interpret the negative ITEs on agricultural costs as such. However, these coefficients

are never statistically significant.

Agricultural net sales drop by 0.6 pesos for treated poor in 1998. Interestingly, this drop

in sales is caused by higher costs (e.g. buying more grains), rather than by a reduction in

gross sales: the likelihood of having these costs increases by 5 percentage points, i.e. by about

9%, and the overall level of these costs rises by 0.6 pesos per adult equivalent, or 15%. Their

purchase of animals also increases in May 1999: its likelihood is 1.5 percentage points, or 62%

higher, while its overall level rises by 0.04 pesos (i.e. by 46%) per adult equivalent. This is

consistent with our findings below that the program may be increasing savings and investment

for the poor.

6.3 Additional aid program receipt

The income of non-poor households in treatment areas may increase through higher transfers

from alternative welfare programs. This may occur for two reasons. First, one of the aims of

Progresa is to replace some of the numerous pre-existing welfare program into a single one (DIF,
37We can only do it for the first two data waves, as no data are available in November 1999.
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INI, Ninos de Solidaridad, Tortilla, and Liconsa). These programs range from the provision of

food (Liconsa, Tortilla) to the assistance of specific sub-samples of the populations (children, in

the case of Ninos de Solidaridad, and indigenous households for INI, the National Institute for

Indigens). This may leave some agencies located in treatment villages with excess levels of aid

(cash or in kind), which they may direct to households classified as non-poor. Second, treated

households’ additional welfare assistance has decreased because of Progresa. For example, if

Progresa transfers help protect recipients against risk, they may be less in need of emergency

assistance. This may be directed to some non-poor in treatment areas.

We test whether non-poor and poor households in treatment and control villages have

significantly different intakes of alternative welfare programs. First we compare welfare receipt

at the aggregate level, testing for differences in the likelihood of participating into at least

one program (excluding Progresa); the number of programs the households participates into,

conditional on receiving at least one alternative type of welfare; the total non-Progresa monetary

transfers the households received in the previous month. We then test for differences in the

likelihood of participating in individual programs. We present estimates of these differences in

Table 10. As expected, participation into alternative welfare programs is significantly lower for

poor households in treatment communities in all post-program waves (nevertheless, they are

still better off with Progresa). Therefore, it is possible that the non-poor may receive some of

the resources previously targeted to the poor. Indeed, in May 1999 the non-poor in treatment

villages have a 2.4 and 0.1 percentage point increase in the likelihood of receiving cash through

Solidaridad and INI, respectively, and a 0.8 percentage point increase in receipt of free milk.

However, both the change in the amount of monetary transfers received from cash programs

and the overall participation rates are statistically insignificant and very small in size. In sum,

the indirect program effect on consumption is not caused by an increase in the receipt of welfare

programs.
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6.4 Savings and Investment

While our risk-sharing model assumes no storage technology, the households in our sample do

hold livestock and grains, which they might use as a buffer against income fluctuations.38

We investigate whether Progresa has a direct and indirect effect on the stock of animals

and grains. In Table 11 we compare the changes in the stock of horses, donkeys, oxen, cows,

poultry, pigs, goats, and rabbits, in treatment and control villages. For the non-eligible, the

stocks of oxen, goats, and poultry decreases between September 1997 and November 1998, and

is stable in later waves (with the exception of the stock of cows, which grows between May and

November 1999).

We find similar patterns for the stocks of corn and beans, the two most commonly produced

crops, as shown in Table 12. We do not observe their pre-program level, nor their stock, but we

know how much was produced and sold. Therefore, by assuming that the pre-program stock

does not differ between households in treatment and control villages because of the random-

ization, we can infer the change in stock by comparing the difference between net sales and

consumption of home-produced grains. Net sales do not differ significantly between households

in treatment and control villages. Instead, in May 1999 the non-poor in treatment villages

consume an extra kilo of corn per adult equivalent per month, worth about 1.7 pesos.

The program effect on the stock of animals and grains for the non-poor is consistent with

the prediction of buffer-stock models (e.g. Deaton (1991), Carroll and Kimball (1996), and

Carroll 1997): the buffer stock is a positive function of the probability of future income loss, of

the size of the loss (in the Carroll and Kimball version), and of borrowing constraints (in the

Deaton version). The program transfers to the poor relax borrowing constraints, as the non-

poor can now receive extra resources from the poor in case of negative income shocks. Further,

the program may reduce both the likelihood and the size of future income drops through a
38For empirical evidence against and in favor of the precautionary motive, see Lim and Townsend, 1998, and

Fafchamps and Lund, 2003.
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beneficial effect on health. Better nutrition and an increased knowledge of basic health facts

for all villagers, coupled with more frequent health checks for the poor improve the health

conditions of the entire village, both directly and through a lower probability of contagion from

infectious diseases (as the positive spillover effect of de-worming studied by Miguel and Kremer

2004 showed). Gertler (2000) and Skoufias (2005), among others, find sizeable beneficial health

effects of the program on recipients. We found positive effects also for the non-poor: when

asked about the health effects on their jobs, the non-eligible in treatment villages had fewer

days out of work due to health reasons. More specifically, during the previous four weeks, their

health 1) interfered with their daily activities (household chores, employment, schooling) 0.17

(or 22%) fewer days than in control villages, 2) prevented them from undertaking such activities

0.13 (or 20%) fewer days than in control villages, and 3) caused them to spend 0.12 (or 25%)

fewer days in bed.

The poor’s stock of poultry increases between September 1997 and November 1998, and is

stable later on. Their consumption out of their stock of corn increases by 70 grams per adult

per month, for a value of 0.38 pesos. This suggests that the poor are transferring part of their

current higher income to the future. The higher stock of savings for the poor is also consistent

with precautionary savings behavior if the poor had run their buffer stock down in the previous

periods: in that case, their wealth to permanent income ratio would be lower than the optimal

level, and they would use part of their extra income to replenish their stock of animals and

grains.

Lastly, it is difficult to empirically distinguish savings from investment. For example, the

poor’s purchase of livestock may be for investment purposes, as animals are productive assets

both for the sale of meat, cheese, and eggs, or for farming. In Table 13 we compare expenditures

for durable assets, available in November 1998, and we do not find any significant difference.
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7 Results: internal consistency and implications

The magnitudes of the estimated effects are consistent with each other: considering the effects

per adult equivalent, in May 1999 the ITE on consumption is 19 pesos, financed through a 10

pesos increase in loans, a likely increase in transfers, and through the consumption of part of

the stocks of grains. In November 1999 the ITE on consumption is 17 pesos, financed through a

4 pesos increase in monetary transfers, and a change in loans of unknown size. If the increase in

loans and transfers is roughly constant in 1999, then non-poor households in treatment villages

receive 14 extra pesos overall.

As a final check, we compare the magnitude of the indirect effects on loans and transfers

with the Progresa grant size. While the villages are not perfectly closed economies, we expect

the bulk of the effect to operate through changes at the locality level. The average monthly

transfer for the poor is 200 pesos per household, of which 88% is consumed (Gertler et al., 2006).

Therefore, the average Progresa cash available to each poor household for savings, transfers,

and loans to the non-poor is about 24 pesos per month. Given that there are 2.5 times as many

poor as non-poor, this amounts to 60 pesos for each non-poor household. This magnitude is

consistent with the estimated 50 pesos and 20 pesos that each non-poor household receives in

May and November 1999.39,40

Our findings imply that failing to consider these indirect effects would underestimate the

true average treatment effect on consumption for the treated villages. Consider the following

back-of-the envelope calculation of the benefit of the program for its first 20 months of imple-

mentation, i.e. between March 1998 and November 1999, using November 1998 prices. Assume

that the estimated effects are stable in months preceding the observation (e.g. what we esti-

mate for Nov. 1998 holds for previous 8 months, May 1999, and November 1999 holds for the
39We obtained household-level estimates of loans and transfers by multiplying the estimated ITEs from Table

7 by 5, the average number of adult equivalents in non-poor households.
4050 and 20 pesos may actually be a lower bound to what each household likely receives on average, as we do

not observe loans and transfers at the same time.
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previous 6 months). For every 200 pesos transferred each month, the recipient consumes 176

pesos (Gertler et al., 2006). The 20-month ATE on consumption for the eligible is, therefore,

176 ∗ 20 = 3520 pesos. Consumption for the non-poor increases by 95 and 85 pesos per house-

hold per month in May and November 1999 (19 and 17 pesos multiplied by 5, the number of

adult equivalents per household). Given that there are 2.5 times as many poor as non-poor,

this amounts to 38 and 34 pesos for every 200 pesos transferred, resulting in an extra increase

in consumption of (38+34)∗6 = 432 pesos. This is the 20-month ITE. Thus, for evey 10 pesos

transferred by Progresa, non-poor consumption increases by about 1 peso. Considering eligible

households only, there is an average treatment effect of 3520 pesos out of a transfer of 4000

pesos. Including the non-eligible increases the average treatment effect by 432 additional pesos.

Therefore, failure to consider the effect on the non-eligible would result in a 12% underestimate

of the average treatment effect on consumption.

The finding that the non-poor in treated villages are affected by the program has impli-

cations for the design of future experiments: since the entire village is affected, directly or

indirectly, by the treatment, it is essential to randomize at the village level, as occurred for the

evaluation of Progresa. The common practice of selecting the treatment and control groups

from the same community would have two shortcomings. First, it would bias the estimates

of the treatment on the treated effect, if the control group indirectly benefits from the pro-

gram. Second, it would fail to capture the full policy impact, by not estimating these indirect

treatment effects. In a similar setting to the one considered here, this would result in a double

underestimation of the treatment effect.

8 Conclusions

Using the unique design of the experimental data for the evaluation of Progresa, we show that

the program benefits non-eligible households who live in treatment villages by increasing their

30



food consumption level by about 10%. This consumption increase is financed through higher

loans and transfers from family and friends, and through a reduction in savings. These results

show how a positive income shock for a group of households benefits the entire village, consistent

with our knowledge of informal credit and insurance markets in developing countries.

This type of program has positive indirect effects for the entire set of villages in which it is

implemented, rather than for treated households only. These effects are large, and, if neglected,

result in a 12% underestimate of the average treatment effect of consumption for the treated

villages. This finding has implications for the design of experiments: if the treatment affects

the entire village, it is essential to randomize at the village level, as occurred for the evaluation

of Progresa. Lastly, because resources are redistributed, treated communities may be useful

to assess the comparative costs and benefits of household-specific targeting versus geographic

targeting.
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A Appendix: Features of risk-sharing in Progresa villages

If Progresa is perceived as a transitory income shock, the program will not change the amount

of risk sharing in treated villages. Instead, if the transfers are considered permanent, they might

change the degree of insurance (Alvarez and Jerman, 2000). We test whether this is the case by

comparing both the longitudinal and the cross sectional coefficients of variation of consumption

for agents in treatment and control villages for the three data waves. Since the differences

are never statistically significant, we conclude that Progresa is not altering the pre-program

insurance arrangements.41 We show the density of the village and household coefficients of

variation in Figure 4: these densities are remarkably similar, especially the longitudinal ones.

Further, we test some features of our risk-sharing model to validate the theoretical approach

on the actual data.

We first test whether consumption is higher for all households in treatment villages than

in control villages, irrespective of being hit by a negative shock. In our data we observe

whether, in the six months preceding the interview, the household has been hit by any of the

following types of natural disasters: water shortages, floods, frost, fires, pests, earthquakes, and

hurricanes. Our shock measure is a dummy equal to 1 if the household has been hit by at least

one of the above disasters. We describe these variables in Appendix B.

The timing of the events and the way they are recorded in the data is quite important:

the shocks must precede (or be contemporaneous to) the observed outcome of interest. This

requirement is satisfied in our data: both shock and loans refer to the 6 months before the

interview, while consumption, transfers, and savings data are provided for the previous week,

month, and semester, respectively.

We obtain estimates of the treatment effects by shock by regressing food consumption on

the shock dummy, the treatment dummy, and their interaction, pooling the two data waves for
41For example, the difference in longitudinal coefficient of variation in consumption is -0.002 (standard error

0.004). The results are unchanged if we compute the difference between the log of the coefficients of variation.
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expositional ease. We add the following set of observable characteristics.42

Table A1 shows positive treatment effects for both poor and non-poor households irrespec-

tive of their shock status, consistent with the prediction of our model. Interestingly, this Table

shows that, while the non-poor consume more than the poor, and consumption is higher in

treatment villages than in control villages, consumption does not differ by shock status, con-

ditional on village and household type: for example, the non-poor in treatment villages have

the same average consumption irrespective of whether they were hit by a shock or not. This

fact is consistent with multiple explanations, which may coexist. First, it may be evidence

of the existence of a large amount of consumption smoothing, protecting consumption against

idiosyncratic risk. Second, it might suggest that a large part of these shocks is aggregate, rather

than idiosyncratic.

One extreme interpretation of these results is that shocks hit villagers at random, and there

is full risk sharing, so all the poor and all the non-poor have the same average consumption.

While this paper’s results show that villagers do engage in risk-sharing activities, we formally

reject full risk-sharing at the village level: in unreported results, we estimated the program

effect on log-consumption for the poor and the non-poor, and we calculated the difference in

these treatment effects. This is a test of full risk sharing that exploits the village randomization.

The change in log-consumption was significantly larger for the poor than for the non-poor (the

magnitude of this difference was about 0.10, significant at the 99% level).43

42These are: household welfare index, shock dummy, land size; head of household gender, age, employment
status and whether self-employed, income from main and secondary occupations, whether speaking an indigenous
language, literacy, and existence and presence of a spouse; at the locality level we add poverty index, average
number of shocks in the previous 6 months, number of households, and regional dummies. All the time-varying
variables are at 1997 values, with the exception of the shock variables, which are contemporaneous.

43We can use the randomization to test for full risk sharing in our data. Define c∗T
1 (s) = λ(t + y1(s) + y2(s))

as the optimal consumption for agent 1 in treatment villages and c∗C
1 (s) = λ(y1(s) + y2(s)) as the the optimal

consumption for agent 1 in control villages, and define similarly c∗T
2 (s) and c∗C

2 (s). If there is full risk sharing,
the program effect on log-consumption is identical for the poor and the non-poor:

ln(c∗T
1 (s))− ln(c∗C

1 (s)) = ln(c∗T
2 (s))− ln(c∗C

2 (s)) = ln(
t + y1(s) + y2(s)

y1(s) + y2(s)
)

This test is valid under the assumption that the program is perceived as temporary and therefore does not change
the Pareto weights.
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Even if we reject full risk sharing, and although part of the shocks may be aggregate,

our model predicts that households smooth (at least part of) the idiosyncratic shock through

transfers and loans. Therefore, we can test whether transfers and loans should be higher to

households who are hit by a negative idiosyncratic shock than to households not hit by any such

shock. For example, a household that suffered some losses will likely receive more resources

from the villagers than a household that did not incur any loss, unless the shocks are strongly

serially correlated.

We test this hypothesis by regressing our loans and transfers variables (L) on the shock

dummy (S) and the X covariates described above:

Li = β0 + β1iSi + β2Xi + ui

E(β1i) is our parameter of interest, and its estimates are in Table A2. Since the X variables

include a measure of the average intensity of the shock at the village level, we net out the

aggregate within-village component of the shock: once we fix the intensity of the shock in

the village, the household-specific shock dummy is then a measure of idiosyncratic shocks,

and the parameter of interest is estimated exploiting the within village variation. In addition,

regional dummies and village poverty level capture the long-term riskiness of each village. More

vulnerable households may be more prone to incur these shocks, so we control for measures of

poverty and vulnerability such as the household welfare index, size of land owned, and other

household characteristics.

Consistent with our predictions, households hit by a shock receive more resources: their

loans are 9 and 7.2 pesos higher in treatment villages in November 1998 and May 1999 (7.5

and 3.9 using OLS estimates), and the likelihood of receiving a loan increases by 1.3 and 1.5

percentage points in the two semesters. Interestingly, the composition of the received resources

changes: households hit by a shock receive more total resources than households not hit by a
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shock, but they borrow more and receive fewer monetary transfers from family and friends. For

example, in November 1998 they receive 0.66 fewer pesos (1.43 using OLS estimates) as gifts

from their family and friends.

B Appendix: data creation

In this Appendix we describe how we created some of the relevant variables for our analysis:

consumption, transfers and loans, school enrollment, hours of work, earnings, and prices.

B.1 Food consumption

We consider the three data waves collected after the program begins, in November 1998, May

1999, and November 1999. For each of 36 food items, households report the quantity consumed

the week before the interview, as well as the quantity purchased and its cost. If expenditure

on a particular item is missing, but we know the amount purchased, we consider the village

median price. We compute the village price in the following way: we create household-specific

prices by dividing the expenditure in food purchased during the last week by the quantity

bought. If we have at least 20 household-specific prices per village, we use this information to

compute median prices at the village level. Otherwise, we use either median municipality or

state price (we use the lowest level of aggregation with at least 20 price observations). Once we

have household-specific prices, we multiply them by quantity consumed. We do this because

households produce part of the consumed food. Considering only food expenditure would

underestimate the amounts actually consumed.

We use November 1998 prices to compute consumption values in May and November 1999

also. Unlike in 1998, in 1999 we know both how much food is purchased and how much is

consumed, but we have no direct information on home-produced food. Hence, in order to be

consistent between the three waves, we assume that in 1999 all food purchased is consumed
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if total consumption is smaller or equal than food purchased. If total consumption is greater

than purchased goods we apply median prices to the difference, this means that either home-

produced food, or food given as a present is evaluated at market prices. Since we could not

convert different measurement units in a single one, we only consider those who have bought

and consumed food in the same unit (Kilo, Liter or Units). We believe that the absence of

measurement conversion does not pose any major problem, since only about 1% of the sample

has different measurements for the same food. Lastly, we compute adult equivalents for both

food and non-food data. For this purpose, we use the adult equivalence conversion estimated

by Di Maro (2004) using Progresa data. According to Di Maro, children consume on average

73% of adults. For example, to estimate individual consumption per adult for a household with

one child and one adult, we divide household consumption by 1.73.

An additional issue is how to treat missing observations. We noted that some aliments,

which are not staples for rural Mexicans, have a large number of missing observations. Thus,

we create three different food expenditure variables, each time dropping all households with

missing observations. The first variable is aggregate expenditure in food consumption for all

available categories (hence the one with the highest number of missing observations). In this

way, we drop about 5% of the sample. The second one excludes industrially produced food

(pastelillos en bolsa, soft drinks, coffee, sugar, vegetable oil). The third food consumption

variable excludes industrially produced food, sliced bread (pan de caja), breakfast cereals, fish,

and seafood. The results we show in the paper use the first consumption variable. However,

they are robust to the use of these alternative variables.

The food consumption variable we use in the paper has the following number of non-missing

observations for non-poor: 5003 in November 1998, 3856 in May 1999, and 4286 in November

1999. 371 (i.e. about 7%) households have zero food consumption in November 1998. Only 14

and 3 households have zero food expenditure in the May and November 1999 data, respectively.
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We drop the households with a food consumption level larger than 10000 pesos per adult

equivalent per month since they are likely outliers. We do the same for poor households, whose

final samples have 11684, 9659, and 10555 households for the three waves. There is a drop in

the valid household size in May 1999, supposedly due to a higher proportion of non-responses

(this drop is not limited to the consumption variables). However, the proportion of households

in treated and control areas is roughly constant over time (for non-poor, this proportion ranges

from 38.8% living in control areas in November 1998 to 39.9% in November 1999). Because of

this, we believe that the smaller sample size in May 1999 does not pose attrition problems.

B.2 Non-food consumption

For non-food consumption, we also consider the three waves used above. The variable on non-

food consumption is only available as expenditure on particular categories of non-food items.

Our measure of monthly non-food consumption is the sum of expenditures in: transportation

both for adults and children; tobacco; personal and household hygiene; drugs and prescriptions;

doctor visits; heating (ie. wood, gas, oil); electricity; clothing and shoes; school items (ie.

pencils, books). As for food consumption, we trim the extreme values because of possible

measurement error. The value of the expenditure is then converted in real terms by applying

the monthly CPI (Bank of Mexico, 2005).

The pre-program difference in non-food consumption between non-poor households in treat-

ment and control villages using March 1998 data is not statistically significant.

B.3 Labor earnings

The 1998 and 1999 surveys report hours of work for the sole sub-set of individuals who have

a paid job, unlike the 1997 pre-program one, which collects working hour information for all

individuals. In 1997 there is no explicit distinction between paid and unpaid jobs. Thus, in order

to create a consistent measure, we excluded self-employed, business owners and ejidatarios from
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the computation of hours of work. We considered as unemployed all individuals who reported

not having a job in the previous week (unlike those who said that they have a job but could not

work). In case of disagreement (i.e. individuals reporting they do not have a job, but having a

positive number of hours worked) we included the reported work time.

We also have data on remunerated informal activities, such as selling products, or preparing

products for sale, cooking, cleaning, or ironing, or helping out in some business or in the field,

etc. For these activities, we observe earnings, time spent working, as well as costs (with the

exception of the 1997 data, for which we have no cost data). We add net earnings from informal

activities to the formal jobs.

These variables are very noisy measures of work time and earnings, as at times we have to

impute monthly earnings from daily, weekly or annual wages. To limit the number of outliers,

we trim the top percentile of the positive values, and we also drop the few negative values.

B.4 Prices

Prices refer to the food and non-food goods used to compute the value of consumption. There

are 57 different goods, but only food prices are available before the program begins, in March

1998. Thus, we use the 36 food prices available both before and during the program implemen-

tation to provide double-difference (DD) estimates of the effect of Progresa. In November 1998

and May 1999 we have up to two prices for each good. When two different prices for the same

good are available, we compute the mean village price. Table B1 provides a list of the goods

used in the DD analysis of the program effect presented in Table B2.

We find a small positive effect on some food prices in November 1998. Prices of onions (p2),

lemons (p8), eggs (p26), and coffee (p34) are significantly higher in treatment than in control

areas. At the same time, though, the price of fish (p23) is significantly lower. Despite the fact

that onions, eggs, and coffee are commonly consumed foods (Hoddinott et al., (2000)), we do

not expect these price changes to increase the cost of the food basket substantially, because
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prices of staples such as rice, beans, corn, and chicken do not change. Second, there is no

price change in the later waves. Third, if we consider the pooled waves, the prices of 6 items

increase, while the prices of 3 goods decrease in the observed time, out of a total of 36 items

by 3 waves. This amounts to roughly 8% of good prices changing. We believe that, perhaps

with the exception of a minor price increase for some goods in the end of 1998, Progresa does

not significantly change prices in treatment areas.44

As a further robustness check, we considered all 57 different (food and non-food) goods

available in the 3 waves collected after the beginning of the program. We pooled prices, creating

a price basket that gives equal weight of one to each good. We then regressed this synthetic price

indicator on a dummy for treatment and control villages, obtaining cross sectional estimates

of the effect of Progresa on prices. Also in this case we reject the hypothesis that prices differ

significantly between the two village groups.45

B.5 Shocks

The data record whether, in the six months preceding the interview, the household has been hit

by any of the following types of natural disasters: drought, flood, frost, fire, plague, earthquake,

and hurricane. The average incidence of our shock variable at the village level is 39, 57, and

30 percent in November 1998, and May and November 1999. Drought, frost, and flood are the

most typical shocks, hitting a total of 30, 9, and 5 percent of households in the three periods.

The other natural disasters are less frequent.

We create a dummy equal to one if the household has been hit by any natural disaster. One

potential shortcoming of this variable may be shocks hitting entire villages, leaving no within-

village variation. For example, it is unlikely that an earthquake may hit only half a village.

However, Figure 5 shows that this is not the case: when we plot within-village proportions of
44There is a large number of missing observations. Since there are 506 villages observed in 4 different points

in time, each price should have about 2000 observations. Instead, the non-missing observations range between
313 and 1375.

45Results available upon request.
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households hit by shocks, we notice that only in very few cases the entire village is hit. This is

not surprising. For example, land closer to a river may be less prone to drought, but more to

floods; in hilly terrain, land with a northern exposure is more susceptible to frost.46 However,

part of this variation may also be caused by measurement error.

In order to estimate program effects on consumption for households hit and not hit by a

shock, we require that shocks are random between villages. To insure that this is the case, we

check whether shocks hit treated and control areas differentially, for all households, and for non-

poor and poor families separately. Table B3 presents the partial effects from probit regressions

of the probability of being hit by a shock on a treatment dummy (T = 1 for treatment villages),

run both for the whole sample and for poor and non-poor households separately. This panel

shows that the estimates are never statistically significant.

46The evidence of high within-village variation is also consistent with Townsend (1994), who shows that natural
phenomena - rainfall in his case - are not uniform even within very small villages.
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Table 1: Average monthly food consumption per adult equivalent - levels and differences.

Non-poor Poor
Nov. 1998 May. 1999 Nov. 1999 Nov. 1998 May. 1999 Nov. 1999

Control 222.61 213.69 206.71 159.96 159.92 153.7
[179.76] [212.19] [232.56] [112.19] [158.33] [126.72]

                                                
Treatment 216.38 233.06 224.08 175.80 185.66 184.31

[166.82] [303.79] [285.61] [136.59] [193.81] [172.25]

No controls
ITE -6.24 19.37 17.36 ATE 15.84 25.74 30.61

[7.58] [10.50]* [9.70]* [4.86]*** [5.80]*** [5.15]***

Obs. 4643 3855 4285 10973 9659 10554

Controls
ITE -5.20 20.72 18.84 ATE 15.49 24.42 29.86

[7.47] [10.19]** [9.42]** [4.75]*** [5.64]*** [4.79]***

Obs. 4624 3838 4266 10936 9630 10518
Note: the amounts are in pesos; the exchange rate is roughly 10 pesos per USD.
We report the standard deviations of the means and the standard errors, in square brackets, of 
the treatment effects. The latter are clustered at the village level. 
***, **, * indicates significance at the 1, 5, 10 % level respectively.
The set of conditioning variables we add to the regressions in the left panel are: household poverty 
index, land size, head of household gender, age, whether speak indigenous language,
literacy;  at the locality level poverty index and number of households. All 
variables are at 1997 values.
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Table 2: ITEs on food quantity (kilos or liters) per adult equivalent
Tomatoes Carrots Greens Oranges Apples Citruses Chicken Meat

ITE May 99 0.13 0.20 0.38 -0.07 0.21 0.04 0.13 0.02
[0.04]*** [0.11]* [0.26] [1.32] [0.29] [0.16] [0.06]** [0.07]

Obs. 4215 447 432 664 361 1522 2116 1110

ITE Nov. 99 0.06 0.03 -0.07 -0.08 0.01 -0.03 0.05 0.11
[0.04] [0.06] [0.12] [0.36] [0.08] [0.16] [0.06] [0.06]*

Obs. 4362 417 311 1874 657 1545 2497 1267
Eggs Milk Cheese Tortilla Corn flour Wheat flour Rice Beans

ITE May 99 0.10 0.45 -0.04 0.35 1.21 -0.02 0.07 0.07
[0.16] [0.42] [0.10] [0.45] [0.76] [0.85] [0.04]** [0.07]

Obs. 3767 1152 529 3335 2545 117 2791 4289

ITE Nov. 99 0.16 0.44 -0.04 0.21 1.86 -0.83 0.03 0.08
[0.09]* [0.32] [0.09] [0.37] [0.93]** [0.59] [0.05] [0.07]

Obs. 3805 1376 558 4090 1263 219 3046 4377
Standard errors in square brackets clustered at the village level. 
***, **, * indicates significance at the 1, 5, 10 % level respectively.
The quanitites are monthly kilos or liters per adult equivalent
The results are unchanged if we add conditioning variables.
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Table 3: ITEs on 1999 food log-consumption by category per adult equivalent
Fruits and Grains and Meat, fish, and Industrial
vegetables cereals dairy products products

ITE May 0.108 0.073 -0.030 0.031
[0.043]** [0.035]** [0.055] [0.046]

Obs. 3791 3829 3560 3797

ITE Nov. 0.065 0.051 0.108 0.033
[0.038]* [0.029]* [0.050]** [0.043]

Obs. 4254 4277 4064 4267
Standard errors in square brackets clustered at the village level. 
***, **, * indicates significance at the 1, 5, 10 % level respectively.
Log of monthly pesos per adult equivalent.
The results are unchanged if we add conditioning variables.
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Table 4: 1999 ITEs on food consumption: robustness checks
With covariates Without covariates

All data Drop outliers Drop percentiles All data Drop outliers Drop percentiles
Cross section

ITE May 32.57 20.72 9.65 29.37 19.37 8.78
[15.88]** [10.19]** [5.59]* [14.61]** [10.50]* [5.71]

ITE Nov. 29.63 18.84 14.41 26.34 17.36 13.50
[15.02]** [9.42]** [4.72]*** [13.79]* [9.70]* [4.93]***

Cross section conditioning on pre-program expenditure
ITE May 35.19 21.7 10.15 32.71 21.68 9.93

[17.43]** [11.01]** [5.50]* [15.59]** [11.07]* [5.57]*
ITE Nov. 30.42 18.46 13.36 28.04 18.18 13.11

[16.27]* [10.09]* [4.47]*** [14.69]* [10.14]* [4.60]***
Difference-in-difference

ITE May 29.92 19.95 7.28 29.17 19.17 7.44
[14.95]** [11.48]* [6.95] [14.78]** [11.23]* [6.87]

ITE Nov. 27.26 18.35 11.97 26.15 17.17 12.17
[14.20]* [10.77]* [6.48]* [13.97]* [10.44] [6.32]*

Standard errors in square brackets clustered at the village level. 
***, **, * indicates significance at the 1, 5, 10 % level respectively.
Monthly pesos per adult equivalent. The pre-program expenditure variable uses total weekly expenditure data; 
the results are robust to using the sum of separate expenditure data on fruits and vegetables, grains and cereals,
fish, meat and dairies, and industrial products. The "drop outliers" columns drop consumption levels bigger
than 10000 pesos, while the "drop percentiles" columns drop the first and last percentile.
See Table 1 for a list of conditioning variables.
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Table 5: Treatment effects on non-food consumption per adult equivalent
Total Personal Household Cookwares Housewares Girls' Boys' Womens' Mens' Girls' Boys' Womens' Mens'

spending hygiene hygiene clothing clothing clothing clothing shoes shoes shoes shoes
ITE Nov. 98 -1.57 0.54 1.43 -0.04 -0.01 -0.26 0.01 -0.05 0.17 -0.04 0.09 -0.03 0.08

[4.51] [0.44] [0.42]*** [0.10] [0.10] [0.19] [0.18] [0.27] [0.30] [0.14] [0.10] [0.15] [0.17]
Obs. 4920 4914 4912 4919 4919 4915 4915 4912 4914 4918 4915 4915 4911
ITE May 99 5.71 -0.02 -0.16 0.13 0.13 -0.07 0.05 0.17 -0.17 -0.03 0.08 0.25 -0.26

[4.58] [0.32] [0.38] [0.11] [0.09] [0.16] [0.13] [0.26] [0.30] [0.15] [0.12] [0.20] [0.30]
Obs. 4443 4434 4436 4441 4441 4441 4440 4437 4435 4442 4440 4440 4438
ITE Nov. 99 -3.51 -0.51 -0.47 0.12 -0.04 0.06 0.19 0.28 0.13 0.02 0.09 0.15 0.19

[4.25] [0.41] [0.50] [0.08] [0.08] [0.10] [0.10]* [0.20] [0.21] [0.09] [0.09] [0.14] [0.18]
Obs. 4502 4497 4498 4499 4499 4500 4501 4499 4499 4500 4501 4499 4499

ATE Nov. 98 2.04 0.62 0.73 0.12 0.06 0.39 0.42 -0.02 0.13 0.14 0.23 -0.01 0.14
[2.19] [0.17]*** [0.24]*** [0.06]** [0.04] [0.09]*** [0.08]*** [0.10] [0.10] [0.09] [0.08]*** [0.08] [0.06]**

Obs. 11808 11782 11789 11802 11803 11800 11803 11799 11799 11800 11797 11798 11797
ATE May 99 6.15 0.42 0.73 0.17 0.15 0.65 0.74 0.32 0.38 0.43 0.57 0.18 0.27

[2.12]*** [0.19]** [0.22]*** [0.06]*** [0.05]*** [0.10]*** [0.10]*** [0.11]*** [0.11]*** [0.09]*** [0.10]*** [0.09]** [0.09]***
Obs. 11044 11017 11025 11040 11043 11035 11032 11033 11031 11038 11034 11038 11029
ATE Nov. 99 5.3 0.46 0.77 0.09 0.08 0.53 0.5 0.15 0.24 0.28 0.44 0.17 0.25

[2.07]** [0.21]** [0.26]*** [0.04]** [0.05] [0.09]*** [0.08]*** [0.09] [0.07]*** [0.08]*** [0.09]*** [0.05]*** [0.07]***
Obs. 10967 10964 10966 10965 10965 10964 10964 10964 10962 10965 10963 10965 10963
Standard errors in square brackets clustered at the village level. We dropped expenditures bigger than 1000.
***, **, * indicates significance at the 1, 5, 10 % level respectively.
Monthly pesos per adult equivalent at November 1998 prices. 
The results are unchanged if we add conditioning variables.
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Table 6: Credit resources: mean, share of recipients, and average amount obtained per recip-
ient, by household type and semester

1998 November 1999 May 1999 November

Total credit resources
Mean % Avg. receipt Mean % Avg. receipt Mean % Avg. receipt

NP Control 40.78 0.11 371.04
[216.45] [552.14]

NP treatment 50.05 0.12 422.24
[249.97] [608.91]

P control 17.69 0.08 222.02
[121.72] [375.42]

P treatment 17.74 0.08 219.64
[107.51] [314.47]

Loans
NP Control 11.95 0.03 405.18 16.52 0.04 428.50

[111.81] [518.81] [150.62] [646.5]
NP treatment 19.56 0.03 607.62 27.69 0.05 530.15

[254.99] [1295.77] [233.33] [883.85]

P control 5.33 0.03 190.03 9.66 0.05 197.65
[58.82] [298.2] [97.8] [398.99]

P treatment 5.72 0.03 205.18 11.35 0.05 242.74
[57.16] [276.7] [133.05] [568.62]

Monetary transfers from family and friends
NP Control 5.95 0.04 164.01 5.48 0.02 225.09

[42.95] [159. [68.8] [384.97]
NP treatment 11.02 0.04 247.04 9.31 0.04 244.77

[79.81] [291.75] [81.44] [343.29]

P control 2.83 0.03 108.24 1.68 0.01 125.46
[26.48] [124.52] [35.06] [279.14]

P treatment 3.20 0.03 124.56 1.98 0.02 119.77
[32.81] [164.04] [22.85] [132.66]

In-kind transfers from family and friends
NP Control 0.01 0.02

NP treatment 0.02 0.01

P control 0.01 0.02

P treatment 0.01 0.01
Note: Amounts are in pesos per month per adult equivalent; the exchange rate was roughly 10 pesos 
per USD. Top 1% trimmed in the computation of the quantities but not for the proportions. 
Standard deviations in square brackets.
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Table 7: Program effects on credit resources
1998 November 1999 May 1999 November

NON-POOR
Loans

Probit OLS Tobit Probit OLS Tobit Probit OLS Tobit

ITE 0.003 7.613 3.123 0.014 11.168 9.723
[0.01] [5.362] [3.948] [0.01]* [6.621]* [4.51]**

Obs. 4913 4912 4912 4432 4431 4431

Monetary transfers from family and friends
Probit OLS Tobit Probit OLS Tobit Probit OLS Tobit

ITE 0.007 3.739 2.562 0.014 3.825 4.137
[0.009] [3.289] [1.716] [0.008]* [3.005] [1.727]**

Obs. 4837 4836 4836 4447 4447 4447

In-kind transfers from family and friends
Probit OLS Tobit Probit OLS Tobit Probit OLS Tobit

ITE 0.008 -0.007
[0.004]** [0.004]*

Obs. 5280 4502

POOR
Loans

Probit OLS Tobit Probit OLS Tobit Probit OLS Tobit

ATE 0.000 0.394 0.039 -0.002 1.686 -0.272
[0.005] [1.431] [0.785] [0.008] [2.794] [1.482]

Obs. 11805 11805 11805 11019 11019 11019

Monetary transfers from family and friends
Probit OLS Tobit Probit OLS Tobit Probit OLS Tobit

ATE 0.000 0.367 0.006 0.003 0.307 0.469
[0.004] [0.651] [0.436] [0.003] [0.628] [0.382]

Obs. 11630 11630 11630 10823 10823 10823

In-kind transfers from family and friends

ATE -0.001 -0.006
[0.003] [0.003]**

Obs. 12519 10967
Note: Top 1% trimmed in the OLS and Tobit regressions. Standard errors in square brackets 
clustered at the village level in OLS and Probit.  ***, **, * indicates significance at the 1, 5, 10 % 
level respectively. The results are unchanged adding conditioning variables.
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Table 8: Program effect on monthly adult equivalent labor earnings

Nov. 1998 May 1999 Nov. 1999
ITE -4.66 -1.18 3.1

[14.56] [13.57] [14.84]
Observations 18537

ATE 8.15 4.26 10.22
[5.49] [5.38] [6.46]

Observations 45101
Note: Standard errors in square brackets clustered at the village level.
***, **, * indicates significance at the 1, 5, 10 % level respectively.
November 1998 prices.
Difference-in-difference estimates. The sample size is from pooling
the Sept. 1997 data with the Nov. 1998, May 1999, and Nov. 1999 data.
The results are unchanged if we add conditioning variables, with the
exception of the ATE estimate for November 1999, which is
now significant at the 10% level.
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Table 9: Differences in monthly sales of agricultural products and animals

Agricultural sales

November 1998 May 1999

Net sales Costs Gross sales Net sales Costs Gross sales
Level Level Probability Level Probability Level Level Probability Level Probability

ITE -4.953 -1.947 -0.0004 -6.893 -0.037 -5.37 -2.309 0.007 -12.263 -0.035
[3.252] [1.819] [0.0275] [4.504] [0.021]* [4.527] [3.506] [0.029] [7.585] [0.025]

Obs. 4287 4381 4784 4789 5197 4026 4080 4119 4365 4408

ATE -0.639 0.618 0.051 -0.161 -0.011 -0.741 0.311 0.008 -0.623 -0.021
[0.330]* [0.358]* [0.028]* [0.302] [0.011] [0.616] [0.526] [0.026] [0.695] [0.014]

Obs. 10249 10408 11223 11605 12432 9973 10096 10197 10882 10991
Animals

November 1998 May 1999

Net sales Purchases Gross sales Net sales Purchases Gross sales
Level Level Probability Level Probability Level Level Probability Level Probability

ITE 0.429 0.215 0.01 0.384 0.011 0.249 0.019 0.008 0.004 0.006
[0.337] [0.117]* [0.008] [0.376] [0.009] [0.218] [0.078] [0.008] [0.334] [0.007]

Obs. 4803 4854 5263 4864 5273 4338 4387 4431 4391 4435

ATE 0.008 -0.021 0.006 0.01 0.005 -0.03 0.042 0.015 -0.007 0.005
[0.053] [0.034] [0.005] [0.051] [0.006] [0.031] [0.022]* [0.005]*** [0.030] [0.004]

Obs. 11546 11671 12499 11680 12508 10797 10915 11025 10926 11035
Note: treatment effects on the levels estimated by OLS, and on the probabilities by Probit. 
Standard errors in square brackets clustered at the village level.
***, **, * indicates significance at 1, 5, 10 % levels.
The results are unchanged if we add conditioning variables.
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Table 10: Differences in participation to alternative aid programs

Non-Poor Poor

Nov. 1998 May. 1999 Nov. 1999 Nov. 1998 May. 1999 Nov. 1999
At least 1 0.014 0.022 0.018 -0.068 -0.133 -0.078

[0.028] [0.032] [0.032] [0.024]*** [0.026]*** [0.032]**
How many (if >0) -0.036 -0.01 -0.009 -0.114 -0.139 -0.126

[0.029] [0.026] [0.028] [0.019]*** [0.023]*** [0.022]***
Monetary 3.343 1.269 0.15 -2.344 -3.844 -0.059
transfer [9.993] [1.626] [2.570] [3.726] [0.993]*** [0.805]

Cash transfers (participation)
Solidaridad 0.002 0.024 0.012 -0.107 -0.123 -0.046

[0.012] [0.012]** [0.010] [0.014]*** [0.015]*** [0.008]***
INI -0.0001 0.001 --- -0.0004 0.0003 0.00005

[0.002] [0.0006]* [0.002] [0.001] [0.0003]
Probecat -0.002 -0.0004 0.001 -0.002 -0.001 0.00005

[0.002] [0.001] [0.002] [0.001]* [0.001] [0.0003]
Empleo Temporal 0.002 -0.003 0.0001 -0.00008 -0.0004 0.001

[0.001] [0.002] [0.001] [0.001] [0.001] [0.001]
Procampo 0.019 -0.001 0.008 0.042 0.021 0.036

[0.031] [0.031] [0.031] [0.028] [0.028] [0.028]
Transfers in kind (participation)

DIF food -0.028 -0.012 -0.002 -0.071 -0.09 -0.12
[0.018] [0.021] [0.021] [0.016]*** [0.018]*** [0.025]***

Desayuno DIF n.a. n.a. n.a. n.a. n.a. n.a.

Tortilla 0.005 0.008 0.003 0.002 0.002 0.001
[0.004] [0.004]** [0.004] [0.002] [0.001]** [0.001]

Milk 0.0003 0.003 -0.005 -0.002 -0.009 -0.002
[0.008] [0.005] [0.005] [0.007] [0.004]** [0.003]

Note: The likelihood of receiving individual program transfers is estimated by Probit. The total monetary transfer
received is estimated by OLS. Standard errors in square brackets clustered at the village
level. ***, **, * indicates significance at the 1, 5, 10 % level respectively.
The results are unchanged if we add conditioning variables.
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Table 11: Treatment effects on the average monthly change in animal stock
Non poor Poor

Nov. 98 May. 99 Nov. 99 Nov. 98 May. 99 Nov. 99
Horse -0.001 0.001 0.001 0.001 0.001 0.001

[0.001] [0.001] [0.001] [0.001] [0.001] [0.0004]**
Obs. 5219 4410 3979 12484 11019 10176
Donkey -0.001 -0.001 0.001 0.001 0.001 0.001

[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
Obs. 5233 4410 3990 12429 10981 10181
Ox -0.001 0.001 0.001 0.001 0.001 0.000

[0.001]** [0.001] [0.001] [0.001] [0.001] [0.001]
Obs. 5264 4439 4002 12491 11032 10203
Goat -0.010 0.005 0.002 -0.004 0.004 0.002

[0.005]** [0.006] [0.006] [0.002]* [0.002]* [0.002]
Obs. 5255 4427 3986 12491 11024 10185
Cow -0.002 -0.003 0.011 0.001 0.001 0.002

[0.004] [0.004] [0.004]*** [0.001] [0.001] [0.001]
Obs. 5204 4402 3974 12493 11034 10196
Poultry -0.024 0.007 0.017 0.010 0.002 0.002

[0.012]** [0.011] [0.010] [0.005]** [0.006] [0.006]
Obs. 5109 4323 3897 12389 10892 10061
Pig -0.001 -0.003 0.001 0.002 0.001 -0.001

[0.002] [0.002] [0.003] [0.002] [0.001] [0.002]
Obs. 5215 4411 3959 12452 10975 10140
Rabbit 0.001 -0.001 0.001 0.001 0.001 0.001

[0.002] [0.001] [0.001] [0.001] [0.001] [0.001]
Obs. 5274 4438 4000 12506 11042 10206
Standard errors in square brackets clustered at the village level. 
***, **, * indicates significance at the 1, 5, 10 % level respectively.
Number of animals per adult equivalent. Monthly averages computed dividing 
the change in stock between two data waves by the number of months
between them. First difference estimation. 
The results are unchanged if we add conditioning variables.
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Table 12: Difference between production and sales, value of consumption of own production of grains.
1998 Nov. 1999 May

I II III I II III

Corn

Non Poor
Production-Sales Consumption Value Consumption Production-Sales Consumption Value Consumption

ITE 3.773 -0.177 -0.367 9.264 0.947 1.733
[17.201] [0.325] [0.494] [27.688] [0.603] [1.036]*

Observations 5280 4443

Poor

ATE -2.169 0.112 0.227 13.074 0.508 1.124
[6.045] [0.223] [0.385] [15.678] [0.435] [0.725]

Observations 12519 11044

Beans

Non Poor

Production-Sales Consumption Value Consumption Production-Sales Consumption Value Consumption
ITE 3.361 0.039 0.159 -1.914 0.065 0.312

[4.514] [0.212] [0.977] [9.711] [0.048] [0.252]

Observations 5280 4443
Poor

ATE 1.482 0.070 0.384 3.136 0.015 0.183
[2.063] [0.027]** [0.141]*** [1.906] [0.034] [0.185]

Observations 12519 11044
Note: Adult equivalent in kilograms in columns I and II, pesos at constant 98 prices.
Standard errors in square brackets clustered at the village level.
 ***, **, * indicates significance at the 1, 5, 10 % level respectively.
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Table 13: Treatment effects on monthly expenditure on durable goods in November 1998
House appliances and improvements Production costs/investments

OLS Probit OLS on OLS Probit OLS on
positive values positive values

ITE 4.34 -0.003 4.6 1.18 0.005 5.49
[8.76] [0.008] [9.03] [2.36] [0.015] [13.50]

Obs. 2588 2588 2508 4920 4920 751
ATE 1.07 -0.005 1.16 0.09 0.01 -1.62

[1.30] [0.006] [1.34] [0.68] [0.011] [4.79]
Obs. 5698 5698 5567 11808 11808 1468
Standard errors in square brackets clustered at the village level.
 ***, **, * indicates significance at the 1, 5, 10 % level respectively.
House appliances and imporvements is the sum of the value of appliances purchased and the 
expenditure to improve the dwelling. The agricultural-related expenditures refer to cost of seeds,
fertilizer, pesticides, machinery, and labor, excluding land rental costs. 
The results are unchanged if we add conditioning variables.
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Table A1: Pooled 1999 monthly food consumption per adult equivalent 
by shock (S) - levels and differences.

Non-poor Poor

S=0 Control 210.05 Control 157.83
[187.54] [127.96]

                
Treatment 232.11 Treatment 184.78

[285.71] [177.22]
        

ITES0 23.20 ATES0 31.57
[9.62]** [4.52]***

S=1 Control 209.17 Control 155.44
[261.55] [160.86]

                
Treatment 224.49 Treatment 184.83

[307.77] [190.19]

ITES1 17.98 ATES1 30.52
[12.06] [6.40]***

ITES1-ITES0 -5.22 ATES1-ATES0 -1.04
[14.63] [6.07]

Obs. 8016 19971
Note: the amounts are in November 1998 pesos per adult equivalent; the exchange rate is 
roughly 10 pesos per USD. We report the standard deviations of the means in square brackets,  
and the standard errors of the treatment effects in square brackets, clustered at the village level. 
***, **, * indicates significance at the 1, 5, 10 % level respectively.
The set of conditioning variables we add to the regressions are: average shock, household poverty index,
land size, head of household gender, age, employment status and whether self-employed, language spoken
(Spanish, indigenous language or both), literacy, and existence and presence of a spouse;  at the
locality level poverty index, number of households, and regional dummies. All the time-varying
variables are at 1997 values.
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Table A2: Difference in loans and monetary and in-kind transfers for households hit and not hit by a shock
Nov. 1998 May. 1999 Nov. 1999

Probit OLS Tobit Probit OLS Tobit Probit OLS Tobit

Loans 0.013 7.495 9.076 0.015 3.922 7.193
[0.003]*** [4.054]* [1.970]*** [0.004]*** [3.166] [1.938]***

Obs. 16490 16500 16500 15218 15251 15251

Monetary -0.003 -1.427 -0.658 0.0003 -0.55 -0.008
transfers [0.002] [0.803]* [0.418] [0.002] [1.062] [0.351]
Obs. 16243 16253 16253 15061 15072 15072

In-kind -1.91E-06 -0.002
transfers [0.001] [0.002]
Obs. 17427 15257
Standard errors in square brackets clustered at the village level for probit and OLS regressions. 
***, **, * indicates significance at the 1, 5, 10 % level respectively.
Loans and monetary transfers are in monthly November 1998 pesos per adult equivalent
The set of conditioning variables is the one described in Table 1.
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Table B1: Food prices used to compute difference-in-difference estimates of program effect on prices

Prices legend

 p1 tomatoes (kilo)                         p19  chicken (kilo)                            
 p2 onions (kilo)                              p20  pork (kilo)                               
 p3 potatoes (kilo)                          p21  beef (kilo)                               
 p4 carrots (kilo)                             p22  goat (kilo)                               
 p5 oranges (kilo)                           p23  fish (kilo)                               
 p6 bananas (kilo)                          p24  biscuits (kilo)                           
 p7 apples (kilo)                              p25  beans (kilo)                              
 p8 lemons (kilo)                             p26  eggs (kilo)                               
 p9 lettuce (unit)                             p27  milk (liter)                              
 p10  nixtamal masa (kilo)                p28  lard (kilo)                               
 p11  corn grains (kilo)                     p29  pastry (bag)                              
 p12  Bread (unit)                             p30  soft drink (bottle)                       
 p13  Bread ``de caja'' (unit)             p31  Sardines (150 grs. in 98m, 400grs. after) 
 p14  wheat flour (kilo)                      p32  Tuna can (175 grs.)                       
 p15  soup (200 grs.)                        p33  aguardiente (liter)                       
 p16  rice (kilo)                                p34  coffee (small pack)                       
 p17  Tortillas (kilo)                           p35  sugar (kilo)                              
 p18  corn ``hojuelas'' (unit)              p36 vegetable oil (liter)                     
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Table B2: Difference-in-differences estimates of the effect of Progresa on village prices
p1 p2 p3 p4 p5 p6 p7 p8 p9

T 0.0826 -1.1782 -0.0435 -0.5462 0.1246 -0.0443 -0.0414 -1.3424 -1.6077
[0.2582] [0.4387]*** [0.2357] [0.4391] [0.2012] [0.1677] [0.3895] [0.9675] [1.2532]

T*98o 0.095 1.2498 0.0609 0.877 -0.5583 0.2174 -0.2832 1.8117 1.6452
[0.3840] [0.4985]** [0.3974] [0.6473] [0.3953] [0.2851] [0.6732] [1.0401]* [1.2807]

T*99m 0.0804 0.781 -0.3818 0.1531 0.0866 -0.3466 -0.1483 1.1914 1.2465
[0.7453] [0.5417] [0.3099] [0.5599] [0.2987] [0.2831] [0.7589] [1.0111] [1.2876]

T*99n -0.8173 1.3505 -1.3779 1.5488 -1.6462 -1.1732 -0.325 3.2171 2.0641
[0.3489]** [0.8422] [0.8913] [2.5669] [0.6641]** [1.4749] [0.5746] [2.2543] [1.3830]

Obs. 1034 990 948 369 678 698 426 548 413

p10 p11 p12 p13 p14 p15 p16 p17 p18
T -0.5039 0.0057 -0.3148 -1.69 0.0501 -0.3291 -0.1483 0.0265 0.8105

[0.3412] [0.2665] [0.3250] [1.3105] [0.1785] [0.4101] [0.1409] [0.1299] [0.9233]
T*98o 0.4998 0.2034 0.3913 1.4979 -0.0945 0.2555 -0.1047 0.0531 0.1171

[0.4262] [0.3482] [0.3511] [1.3912] [0.2497] [0.4202] [0.1859] [0.1758] [1.3075]
T*99m 0.2958 -0.428 0.0864 2.0122 -0.2671 0.264 0.1945 0.3573 0.694

[0.4109] [0.3291] [0.6539] [1.3717] [0.3055] [0.4162] [0.2806] [0.3769] [1.5655]
T*99n 0.8789 2.5907 4.0232 0.4852 9.1043 -0.3298 -0.569 -0.4817 -1.6231

[4.4228] [1.7468] [9.9232] [1.4638] [9.2109] [0.5394] [0.5809] [0.4022] [1.1575]
Obs. 365 640 750 390 678 1233 1375 424 565

p19 p20 p21 p22 p23 p24 p25 p26 p27
T -0.2255 -0.5765 -0.1634 -15.4505 -1.6939 -0.15 -0.3617 -0.9393 -0.34

[0.6422] [0.9607] [1.2435] [9.0361]* [2.0772] [0.2455] [0.1621]** [0.3405]*** [0.2410]
T*98o -1.8291 -1.8317 -1.3589 13.7839 -6.8775 0.1938 0.0172 1.1282 0.3435

[1.3035] [1.6762] [3.2008] [11.1087] [3.9947]* [0.2641] [0.3141] [0.4336]*** [0.3052]
T*99m -0.5113 0.9343 1.1377 12.0755 5.714 0.129 0.3623 0.5862 0.3434

[0.8389] [1.2960] [1.7734] [11.5156] [5.6679] [0.2637] [0.2650] [0.4429] [0.4402]
T*99n -1.2303 0.9294 -0.0991 15.3242 3.4506 0.1216 -0.2787 0.4151 -2.3614

[2.2299] [1.1187] [1.2644] [9.0350]* [2.7004] [0.4785] [0.4876] [0.7810] [3.3976]
Obs. 486 566 313 334 344 1375 1194 1206 833

p28 p29 p30 p31 p32 p33 p34 p35 p36
T -0.0689 -0.1552 0.0916 -0.0645 -0.0312 -0.3793 -1.5319 -0.1483 -0.1349

[0.3556] [0.1894] [0.2142] [0.1266] [0.0939] [0.7805] [0.5373]*** [0.0950] [0.1196]
T*98o -0.0634 0.1684 -0.151 0.1084 -0.0026 1.2379 2.2448 0.1084 0.1579

[0.5199] [0.2163] [0.2647] [0.1734] [0.1331] [1.1330] [0.7657]*** [0.1324] [0.1828]
T*99m -0.3067 -0.068 -0.3152 0.542 0.2061 1.5668 0.3668 0.1521 0.1635

[0.5517] [0.3063] [0.3013] [0.2638]** [0.1485] [1.5627] [0.7374] [0.2031] [0.1800]
T*99n 0.5788 0.6931 6.3978 -0.4729 -0.3143 0.3309 -0.0825 0.6451 2.5376

[0.7721] [0.9239] [10.4329] [0.5949] [10.0995] [0.8828] [6.4283] [0.7407] [2.2574]
Obs. 634 488 922 1272 1021 757 636 1431 1219
Note: Standard errors in square brackets clustered at the village level. 
***, **, * indicates significance at the 1, 5, 10 % level respectively.
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Table B3: Difference in probability of beeing hit by a shock by village and household type
Nov. 1998 shock May 1999 shock Nov. 1999 shock

Panel A: Unconditional
ALL -0.022 -0.032 -0.005

[0.027] [0.030] [0.031]

Obs. 17799 15487 15469

Non Poor -0.02 -0.007 0.000
[0.029] [0.034] [0.04]

Obs. 5280 4443 4502

Poor -0.024 -0.042 -0.006
[0.031] [0.033] [0.032]

Obs. 12519 11044 10967

Panel B: Conditional
ALL -0.001 0.009 0.000

[0.006] [0.007] [0.008]

Obs. 17565 15285 15268

Non Poor -0.02 -0.003 -0.016
[0.014] [0.017] [0.0172]

Obs. 5197 4374 4431

Poor 0.007 0.011 0.006
[0.008] [0.01] [0.009]

Obs. 12365 10911 10835

The set of conditioning variables is described in Table A2.
intensity at the village level, to all regressions.
Standard errors in square brackets clustered at the village level. 
***, **, * are 1, 5, 10 % significance levels.
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Figure 1: Progresa experimental design.
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Figure 2: Monthly food consumption, per adult equivalent, for non-eligible households by wealth level

Monthly peso value of food consumption per adult equivalent  (at November 1998 prices)
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Figure 3: density of food consumption for non-eligible households in treatment and control villages

Monthly peso value of food consumption per adult equivalent  (at November 1998 prices)
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Figure 4: panel a) Time series Kdensity Estimate of Coefficient of Variation of Consumption

Panel b) Kdensity Estimate of Villages' Coefficient of Variation of Consumption
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Figure 5: Distribution of natural disasters by village
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