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Abstract

This research isolates the impact of female social networks for subsistence farmers in

rural Uganda for a re-emerging cash crop. We devised a social networking intervention

(SNI), randomized at the village level, to tease out the pure e�ects of females' social

networking on both females' and males' agricultural outcomes. Di�erence in di�erence

estimates of the treatment e�ects show that the expansion of females' social networks

signi�cantly increases productivity for farmers producing at the average yield of pro-

duction, and up to four times the average household's annual yield for cotton. The

impact of the SNI exhibits diminishing returns for the highest yielding quantile of pro-

ducers, suggesting that learning between farmers is most productive for low and mid

yielding producers. The intervention has its strongest impact on females' production,

but also spills over to males' yields, increasing overall welfare of the village. We also �nd

that these e�ects are comparable to the e�ects of a conventional agricultural training

program at a fraction of the cost. From a policy perspective, these �ndings are substan-

tial. In many developing countries, women supply the majority of agricultural labor,

exhibit substantially lower yields compared to their male counterparts; however, due to

cultural norms, are rarely the recipients of training programs, particularly those that

generate their own cash �ow. A simple expansion of females' networks to promote new

technologies is a not-yet utilized, but clearly e�ective, tool for economic development.
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1 Introduction

In the last few decades, the focus of economic growth in developing countries has shifted from country-wide

prescriptions to micro-development programs at the local level. Agricultural growth, in particular, is seen

as the building block for alleviating hunger and poverty, as agriculture is the primary source of livelihood in

the rural developing world. Programs aimed at increasing agricultural productivity are regarded as the most

powerful means to reducing poverty as compared to nonagricultural programs (Gates, 2009). An essential

stage in any program to increase productivity is the dissemination of new techniques and technologies by

agricultural extension agents and trainers. This stage is frequently one of the weakest links in the process.

One of the reasons for the lack of clear success in this e�ort is that trainers' success in reaching and af-

fecting all individuals in a particular location relies on the e�ectiveness of social networks, which are often

uknown to an outsider, and di�cult to identify. While extension agents may bring new technologies with

each program, what works best in practice in a remote village can widely di�er from what is taught or what

outside trainers can perceive as being important for local production. It is through individuals' personal ties

that external information is disseminated within a remote area, localized, and that usable and believable

knowledge is created. Thus, many welfare improving technologies are never adopted because individuals are

not connected to e�ective social networks.

Understanding the impact of social networks on individuals' outcomes is, thus, central to development at

the microeconomic level. Identifying these impacts, however, su�ers from serious problems and it is di�-

cult to prove that such impacts even exist and to what degree they impede or assist progress. There is no

shortage of evidence that individuals with strong links to social networks, large social networks or almost

any measure of social connectedness are more likely to adopt and experience better outcomes. However,

social connectedness is endogenous and therefore we cannot isolate the impact of social networks on decision
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making for the reason that dynamic individuals belong to social networks. Unobservable characteristics of

an individual, such as networking ability and sociability, which a�ect an individual's productive outcomes,

are correlated with the type of network that an individual forms, confounding the impact of network e�ects,

and biasing the estimated impact of social network measures.

This paper examines a research project that measured the impact of social networks for subsistence farmers

in rural Uganda. To deal directly with the identi�cation problem we used a social networking intervention

(SNI), randomized at the village level, to tease out the pure e�ects of females' social networking on both

females' and males' agricultural outcomes. The SNI exogenously increased the size of the average woman's

social network in treatment villages and left existing networks intact in control villages. We show that the

treatment increases productivity for farmers producing at the average yield of production, and up to four

times the average household's annual yield for cotton. The intervention has its strongest impact on females'

production, but also spills over to males' yields, increasing overall welfare of the village.

By using an intervention to exogenously increase the size of networks, we are avoiding many of the problems

faced in the literature on social networks and are able to measure the value, on the margin, of adding to

network size for the average female farmer. Thus, we avoid the type of network endogeneity that occurs

when measures of the social network are de�ned using descriptive statistics of the networks' outcomes: the

size of the network, the average age and work experience of the network, and the education level of the

network. All of these characteristics of an individual's network re�ect her ability to connect with such indi-

viduals, which would likely be correlated with her productive outcomes. Another common way to measure

an individual's network is by summarizing the average outcomes of the individuals in the network: e.g. the

number of individuals who decide to adopt a new technology, or the percentage of contacts who choose one

input amount over another. These measures su�er from endogeneity issues known as the re�ection problem.

The re�ection problem refers to the idea that an individual's outcome may seem to be a�ected by his or

her network only because her network faces the same unobservable shocks or in�uences that simultaneously

in�uence the individual, and not because the individual is in fact mimicking her network's actions (Manski,

1993). More complex graph-based measures of networks-including cohesion1 or reach of the network reach2-

lead to better understandings of social networks, but do not deal with the endogeneity problem.

This is one of two research studies, to our knowledge, on social networks in the development literature that

1Cohesion refers to the minimum number of nodes that would need to be removed to disconnect a group.
2Reach refers to the number of nodes within X number of steps from an individual.
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uses a randomized encouragement design aimed at exogenously changing the social networks of women. Field

et al. (2010) is another current study that encourages new micro�nance groups to form in Bangladeshi villages,

and varies the meeting frequency of these groups to study the impact of network e�ects on loan repayment.

We are interested in determining whether social networks are a means to improve female's production of a

relatively new crop, and to estimate social network (SN) e�ects without statistical bias. Randomization of a

social network intervention (SNI) at the village level allows us to test both these hypotheses. By comparing

outcomes of farmers assigned to the SNI to farmers in a control group, over time, we can estimate the impact

of expanding a female's network. The estimated network e�ects will not be diluted by potential spillovers

of the SNI, because individuals in the treated and control groups are in separate villages. Furthermore,

the SNI was implemented in the presence of a randomly assigned cotton-training program, denoted as TR,

which enables us to distinguish between the pure e�ect of social networks on productive outcomes, and the

additive e�ect of social networks when coupled with a training program.

The decision to structure the SNI around females was inspired by an earlier study in rural Uganda on cotton

producers that revealed male-heads' of households yields to be 3-4 times that of female-heads' of households

yields (Ba�es, 2008a). This is a tremendous welfare loss and re�ects the general phenomena in developing

countries of females operating far below their full potential, while males continue to receive training (Cham-

bers, 1993). As females supply 70-80 percent of agricultural labor in rural Uganda and are responsible for 80

percent of food crop production (Tanzarn, 2005), this is also a tremendous loss to national welfare. Other

studies have looked at possible reasons for these productivity di�erentials (Quisumbing, 2003; Udry, 1996).

They have tested the impact of lower quality inputs, time constraints, disparate production functions, and

property rights, where ownership of one's property seemed to be a signi�cant explanation for gender di�er-

entials in productivity3. No study has yet looked at whether under-utilization of females' social networks

could be behind this production schism.

Cotton production is particularly interesting to these purposes because it is being re-introduced in Uganda

for the �rst time since the 1970's. Due to civil war and political unrest cotton production ceased under Idi

Amin's regime when the majority of the Indians who managed Uganda's businesses were persecuted and

expelled. As a result, at least one generation passed in which no transfer of knowledge ocurred for many of

the cash producing crops. Udry's seminal work shows that it is precisely in these circumstances, where new

technologies are nascent, that social networks should have their greatest impacts (Conley and Udry, 2010).

3Women are unable to allow their land to lie fallow for fear of losing control of their plot (Udry and
Goldstein, 2006).
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2 Social Networks and Technology Adoption

In development economics, there are two gropus of studies on social networks that focus on estimating the

impact of social networks on technology adoption and �learning�, in terms of correct input use and resource

allocation. The �rst group studies the e�ect of individuals' existing social capital (ego network) on the

decision to adopt new technologies (Bandiera and Rasul, 2006; Isham, 2002; Maertens, 2010; Matuschke

and Qaim, 2009; Young, 2009). The second group looks at the e�ect of individuals' social capital on input

use, testing whether learning occurs inside the network (Conley and Udry, 2010; Darr and Pretzsch, 2008;

Goldstein and Udry, 1999; Kremer et al., 2007; Munshi, 2004).

The above literature employs di�erent methodologies to deal with the endogeneity of social networks. The

adoption-network literature attempts to identify network e�ects by controlling for a gamut of individual level

characteristics that may confound individuals' network e�ects, in the hope that these variables will control

for all unobservable characteristics of the individual. Matuschke and Qaim (2009) �nd that the endogenous

group network measures such as the average number of adopters in an individual's network impact an indi-

vidual's decision to adopt a new crop. Bandiera and Rasul (2006) also use endogenous network measures,

i.e. the number of sun�ower plant adopters in an individual's network, to predict an individual's decision

to adopt. They too �nd that endogenous network measures signi�cantly in�uence an individual's outcomes.

Speci�cally, they �nd that the relationship between the probability that an individual adopts sun�ower pro-

duction and the number of adopters in that individual's network is inverse-U shaped. In other words, the

probability of an individual's adopting sun�ower production increases with the number of adopters in their

networks at a decreasing rate, and eventually declines with the number of adopters. Unlike the latter two

studies, Isham (2002) identi�es the e�ects of networks using the exogenous variation in individual's networks

caused by ethnic fractionalization and land inequality. He �nds that social capital, when instrumented for

by tribal a�liations, has signi�cant impacts on adoption decisions. However, there are many other aspects

of an individual's production network that are not captured by ethnic a�liation, which a researcher would

want to identify.

The learning-network literature relies on dynamic decision making to capture network e�ects. Namely, the

individual only makes decisions after observing the actions of his network's members. If all actions and

decisions are captured sequentially, and we believe that the actions of one individual are caused by observing
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the outcomes of others', then information x at time t for person j, should identify the decision or outcomes

of individual i at time t + 1. With detailed data on the outcomes and order of outcomes for all individ-

uals in a network, this literature argues that the re�ection problem is bypassed. Conley and Udry (2010)

and Goldstein and Udry (1999) rely on the dynamic decision making assumption to identify learning from

one's network, as well as detailed information on geography, soil, credit and family relationships that should

control for confounding productivity factors. They �nd strong evidence of social learning, where farmers'

decisions on inputs are a�ected by the successful outcomes of their neighbors in previous periods. Munshi

(2004) adds to this result by showing that learning occurs in more homogenous populations. Maertens (2010)

also uses a similar dynamic decision making methodology as Conley and Udry (2010), but for predicting

adoption decisions rather than inputs or outputs. Her research goes further and looks at distinguishing the

channels by which individuals decide to adopt: social learning, imitation and social pressures, which are

similarly outlined in Young (2009). Leonard (2007) looks at the decision to visit a health care facility with

a new clinicians as similar to the decision to adopt a new technology and uses a methodology similar to

that of Conely and Udry (2010) by assuming individuals can only learn from the experience of people who

visited the facility before they became sick. These methodologies rely on meticulous data collection and the

belief that the available observable control variables, such as soil characteristics, are su�cient for dealing

with confounding unobservable variables, such as weather and other productivity shocks, which concurrently

a�ect the individual and their network.

Du�o et al. (2006) is one study that uses an experimental design to identify social networks' e�ects. In Du�o

et. al, 2006, farmers are randomly selected from among the parents of children on school lists to participate

in fertilizer-use trials. They compare the average outcomes of those individuals who were reported speaking

to selected farmers with the average outcomes of individuals who were reported speaking to the control

group. Essentially, they are exogenously altering the information present in some randomly selected social

networks. According to their randomization, their identi�cation strategy relies on the fact that there are no

signi�cant spill-over e�ects of the information from the networks of trained individuals to the networks of

untrained individuals. Namely, they state, �farmers participating in each pilot were randomly selected from

the parents of a school list, and that participating in the trials is randomly assigned within a school. Parents

from the same schools that were not selected form a control group�((Du�o et al., 2006), pg 7). However, when

interventions are likely to have signi�cant externalities, randomization across individuals will not capture

the full e�ect of a program. That is, if the networks of trained and untrained are in close enough proximity

to each other, it is very likely that individuals who spoke to trained farmers could have then shared the

information with individuals in the network of untrained farmers. As a result, the di�erences in average
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outcomes of untrained and trained networks will not be detectable, which is what the authors �nd, when in

fact they may exist.

Our research does not rely on controlling for unobservable household variables or the dynamic learning

assumption. And unlike Du�o et al. (2006), our experimental design tests for the actual impact of social

networks, whereas the Du�o et al. (2006) experimental design attempts to estimate the e�ect of a training

program at di�using information across already existing networks, but not the impact of social networks

themselves. Similar to Field et al. (2010), we directly perturb the networks of our sample population by

randomly pairing individuals within selected villages, an event we term from hereon the social network inter-

vention (SNI). New pairs are encouraged to discuss their problems and solutions in growing cotton, create a

mutual long term goal for increasing cotton output, and re-exchange information about growing cotton that

they received in focus meetings. The SNI is meant to encourage information �ow across new links. In this

way, we would like to measure the actual impact of adding a new link to a grower's network.

The next section motivates the sample population selected for this study. Section 3 explains the randomiza-

tion. Section 4 outlines a simple model to motivate our empirical estimation in Section 5. Section 6 presents

the results. Section 7 concludes.

3 Women and Cotton in Uganda

We follow Ba�es (2008a) and use female heads of households as our sample population. This avoids revisiting

the issue of land ownership as a potential cause for gender speci�c productivity di�erentials. We expect that

the expansion of social networks for production, particularly for a new cash crop, has a high potential for

improving females' outcomes. The reason behind these expected gains is due to females' networks tradition-

ally being less oriented toward production alone than males' (Edmeades et al., 2008; Katungi et al., 2006).

This may be because females face a starker tradeo� between economic and non-economic social networks.

While males' days are delineated by morning work and afternoon discussion with other males, women's days

are often a simultaneous combination of work, child-care, and household responsibilities. A wider range of

household responsibilities raises the cost and reduces the availability of acquiring new production techniques

(Granovetter, 2005). Responsibilities close to the home also restrict females from participating in geograph-

ically dispersed social networks and community projects, and force their relations to be dependent on the

collaborative tasks that they perform with other females, i.e. collecting water, fuel, and harvesting crops
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(Maluccio et al., 2003). Female-headed households are also more likely to be poorer or more marginalized in

their community, particularly those who have been widowed or divorced4. Hoang et al. (2006) emphasizes

that �development workers' inadequate understanding of local social networks, norms, and power relations

may further the interests of better-o� farmers and marginalize the poor," who are disproportionately female.

Large �structural holes� in females' production networks, therefore, likely exist, and establishing new links

with a like grower should create a more complete production network for every farmer in a village by closing

some of these gaps. Nascent and weaker links are also more likely to propagate new and novel information

along their paths, and their introduction can potentially have the greatest impact (Granovetter, 1974).

Our full sample population is comprised of male and female-headed households that grew cotton in 2008 in

rural Uganda. The SNI was directed at female-headed households5, while cotton training was administered

to both groups. Randomization was strati�ed by female and male-headed household status after having

randomly selected cotton growing villages from the complete list of all cotton growing villages in one Eastern

district (Bukedea District) and one Northern district (Oyam District) of Uganda. The SNI consisted of an

in-depth survey of the grower's social networks, participation in information games6, in which participants

learned some of the information that would later be taught to them if randomly selected for the training

treatment, and being paired with a �buddy� in his or her village area (who may or may not also be receiving

training) with whom they were encouraged to develop an agricultural link7.

The pairing occurred by �rst stratifying the cotton growing participants into 2 to 3 geographic areas of the

village8, and then randomly pairing individuals. We used a random number generator to print out lists of

numbers randomly drawn from a uniform distribution, U [0, x], where x represents the number of individuals

in the group. For example, if the group was comprised of 14 women, then x = 14. We would then pair individ-

ual �1� with the �rst listed number on the list of numbers drawn, with replacement, from U[0,14]. If the �rst

number was �1� then we'd select the next number in the list, perhaps �3�. Now �1� and �3� would be paired,

�3� would be crossed out, and we would continue down the list in this way until all 14 women were paired.

The pairing occurred among all the female-headed households in our sample as well as the additional female

4However, divorced, separated or widowed females who are not subsumed back into a male-headed house-
holds, but retain some own property rights, are not necessarily the most resource constrained individuals in
rural society.

5The head of household was de�ned as the individual who made land, resources and income allocation
decisions in the household.

6The information games are detailed in (Vasilaky, 2010)
7See end extension training sheets in the appendix, from which 10-12 points were taught via the games
8This to ensure that females were not separated by large geographic constraints.
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cotton growers in the village who participated in the information games. A random re-pairing occurred if the

individuals were already neighbors, or if both were to receive training9 to maximize the e�ects of networking.

3.1 Randomization

In order to capture the e�ect of a social network intervention, randomization occurred at the village level as

we would expect externalities from both programs, SNI and TR, between the treated and untreated within

a village. By randomizing the SNI and TR programs across villages, we are able to measure the e�ect of the

SNI treatment, the TR treatment, and the complimentary e�ect of both treatments. The following diagram

shows our three treatment groups that we will compare to the control groups who received no treatments.

The Treatments table below represents the combinations of e�ects between the two treatments:

Treatments, Sample Size

TR No TR Totals

SNI 96 59 155

No SNI 120 50 170

Totals 216 109 325

The �rst round of a large-scale household survey was administered to 36 villages in 4 regions of Uganda:

North (13 villages), Northeast (13 villages), West (5 villages) and West-Nile (5 villages)10 from February

through May 2009. The household survey consisted of questions on household demographics, input use and

outputs for cotton and other crops grown, household control of �nancial assets including sales from cotton,

and a separate survey instrument on farmers' social networks regarding adoption, cultivation and marketing

of cotton.

To facilitate farmers learning proper cotton growing techniques, and to estimate the impact of a low-budget

agricultural training program, villages were randomly selected for participation in the TR. Nine of the 13

9This only occurred in villages that were selected for the TR.
10This results in a survey of 500 households. Approximately 175 households in each Northern region and

75 households in each Western region were randomly selected for the survey.
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villages in the northern and eastern regions received training for a total of 18 trained villages over the course

of the 2009 growing season. In each village, approximately 14 heads of households were randomly selected

to be visited by a local agronomist three times a week to undergo �ve training stages in 200911: pre-planting

in March through April; planting in May; pesticides use in July through August; harvesting in October

through November; and marketing in December and January. Half of the participant sample is female heads

of households. Among the 18 villages randomly selected for agricultural training, another subset of villages

was chosen to participate in the SNI. Among the 8 villages not selected for agricultural training, 4 received

the SNI and 4 did not.

In the SNI group, each pair received a polaroid of themselves and their team member, chose a team name,

identi�ed some cultivation issues and chose a collaborative goal, as well as potential times when they would

meet to exchange information. They then presented this to their peers at a group meeting. In this way they

were strongly encouraged to build a relationship around what they would learn in the coming year about

growing cotton via their new link.

4 Model

We use a conceptual model that is limited to the household's decision in choosing inputs to produce cotton,

given their access to new links and training, which are exogenous in the model and in our data due to the

design of SNI. We look at the household's maximization of yields. Although the household's objective is

to maximize their pro�ts, the TR and SNI were designed to a�ect output; therefore we don't consider the

evolution of cotton prices and households'expectation of those prices, which could negatively a�ect overall

pro�ts, even if yields increased. It should be noted, however, that prices for cotton and inputs are known in

advance with some noise12, and because decision makers are subsistence farmers, they are generally working

without wages.

11This was part of the larger RCT which implemented a cotton training program under �Gender Dimension
of Cotton Productivity in Uganda� led by Laoura Maratou (University of Maryland) and John Ba�es (World
Bank).

12Cotton prices are set by the government's announcement of an indicative price. Although the price is not
�xed, it is highly suggestive of what price ginners will pay for cotton at harvest time, and has consistently
been a conservative projection of the expected price (Ba�es, 2008a).
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Household i chooses a vector of inputs, x̄, to maximize a production function at time period t:

Fit(x̄it|SNit,KNit) = b ∗ x̄ηitSN
γ
itKN

δ
it (1)

subject to a budget constraint p̄′x̄it ≤ Iit where t = 0....T , SN is a continuous variable representing one

aspect of the i's social network and is a�ected by the exogenous variation from SNI: SN = f(SNI), and

KN, knowledge, is a�ected by the exogenous variation from the TR program KN = g(TR). The b, η, γ, and

δ are unknown parameters (for ease of notation we suppress the i subscript unless necessary). We choose

to model the problem statically, as the decision to grow cotton is not a dynamic one in terms of inputs,

i.e. cottonseed cannot be carried over from one season to the next. Social networks would generally be

modeled to evolve over time, and could be endogenized in the model; however, their evolution, particularly

for females, is likely determined outside the realm of cotton production networks, and because of our SNI

experiment is exogenous in this particular problem.

The sign and magnituted of η, γ, and δ is representative of the returns to output from any one of these

inputs, which is an empirical question to be answered with the data. SN can be thought of as the sum of

weighted links: SNit = Σi 6=jδ
nijtsnijt, as in Jackson and Wolinsky (Jackson and Wolinsky), where nij is the

number of links for the shortest path between i and j (nij =∞ if there is no path between i and j), snij is

the value of one link between i and j, and 0 < δ < 1 indicates that the value of a link is proportional to the

distance between i and j.

The optimal, non-corner solution, will yield the function x∗t (SNt,KNt, It, p̄), and the optimized production

function13,

F ∗(x̄t
∗(SNt,KNt, It, p̄)|SNit,KNit) = bx̄∗t (SNt,KNt)

ηSNγ
t TR

δ
t (2)

If F (.) = −e−(.)14, and substituting in SNI and TR for SN and KN respectively, then taking logs gives us

an estimatable function15:

13For now we exclude income, I, and prices p̄, from our optimal solution, since our focus is on the e�ects
of SNI, and SNI relative Tr, on individuals' outcomes. Including them as controls would reduce some of the
variance in the error term, but estimates will remain unbiased based on our identi�cation strategy.

14This does not impose any strict assumptions on the utility function when F(.) is exponential. For
instance the measure of Absolute Risk Aversion with respect to x is not constant as it would be with only

one input, is δU2/δX
δU/δX = ηγSNδKN. Similarly, the relative risk aversion is ηXγSNδKN

15Taking the log of yields will also be useful empirically, as a number yields are close to zero, and a log
transformation re-weights the distribution towards the lower tail.
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log y∗t (SNt, TRt) = β + ηx∗t (SNt, TRt) + γSNt + δTRt (3)

We are interested in the di�erence in outcomes between the control group vs. the treated groups as a result

of a change in SNI, where SNI and TR equal one if an individual received a new link or training, and zero

otherwise. This is captured by the above equation in �rst di�erences for those who did and did not receive

the SNI, controlling for the TR treatment:

log yt − log yt−1 = γ(SNt − SNt−1) + η(Xt −Xt−1) + δ(TRt − TRt−1) (4)

This can also be written using a dummy variable for time16:

log yt = α+ βt+ ρSNIt + µTRt + νSNIxTRt + ηSNxTRxt+ γSNtxt+ δTRtxt (5)

As the model cannot capture all determinants of yields, we observe y with some error u, such that Equation

2 becomes:

log yt = α+ βt+ ρSNIt + µTRt + νSNIxTR+ ηSNxTRxt+ γSNIxt+ δTRxt+ ut (6)

Using our data on outcomes and treatments we can estimate the above equation. Assuming that the uit

are iid distributed disturbances with some known distribution that are uncorrelated with the regressors, or

E[SNItut|Zt] = 0 where Zt = [SNIt, TRt, SNIxTRt, SNxTRxt, TRtxt], the estimated e�ect of the SNI, γ̂,

will be unbiased.

The estimation of η in Equation 3 is equivalent to a triple di�erence across both treatments and time, and γ

captures the double di�erence across time and SNI. The estimated γ̂ captures the average treatment e�ect

(ATE) of the SNI that is: γ = [E(y|SNI = 1, t = 1, TR = 0)−E(y|SNI = 1, t = 0, TR = 0)]− [E(y|SNI =

0, t = 1, TR = 0)−E(y|SNI = 0, t = 0, TR = 0)], and δ̂ captures the simultaneous average e�ect of SNI and

16Where holding TR constant at zero, we can see that the two speci�cations yield equivalent
results:[(y|SNI = 1, t = 1, TR = 0)−(y|SNI = 1, t = 0, TR = 0)]− [(y|SNI = 0, t = 1, TR = 0)−(y|SNI =
0, t = 0, TR = 0)] = [(α + ρ) − (α + ρ + β + γ)] − [α − (α + β)] = γ, just as it would in the �rst di�erence
equation if TR is held constat at 0.
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TR17, on yields. The ATE is equivalent to E[y|SNI = 1, t = 1, TR = 0]− E[y|SNI = 0, t = 1, TR = 0], or

the average treatment e�ect on the treated, where t = 1,and TR is held constant at zero, if we believe that

there would have been no di�erence in yields between our treatment and control groups in the absence of the

SNI and TR, i.e. [E(y|SNI = 0, t = 1, TR = 0) = E(y|SNI = 0, t = 0, TR = 0)]. This is a fair assumption

to make, given that our program was randomly assigned. However, because we were fortunate enough to

follow our control and treatment groups over time, we can control for such trends, where β in Equation 3

captures E[y|SNI = 0, t = 0, TR = 0]−E[y|SNI = 0, t = 1, TR = 0] = α− (α+β), or the di�erential trend

in yields over time in the absence of the interventions.

Because the SNI is an encouragement design, our estimates reveal the intent to treat (ITT), or the intent

to change individuals' networks. That is, everyone who participates in the SNI meeting is regarded as hav-

ing participated in the SNI, even if they did not follow any of our suggestions over the course of the year.

Therefore, our estimates are only a lower bound for the possible e�ect of SNI18, further strengthening our

results.

The above outline frames a number of testable hypotheses:

(1) δyt
δSNt

= γ
SNt

F ∗() > 0, or the marginal impact of social networks is positive.

(2) δ2yt
δ2SNt

= γ(γ − 1) δ
2F∗()
δ2SNI ≤ 0, or decreasing returns to scale in SNI.

(3) δyt
δsnt

= γδnij implies that the value of an additional link to person j is decreasing with the distance from j.

5 Empirical Estimation

5.1 Output

A summary of the data are shown in Table 1. The data indicate that the interventions were evenly allocated

across control and treatment groups, with slightly under half the total number of villages receiving the SNI,

and slightly over half receiving TR. The average Ugandan cotton farmer in our sample produces between 100

17δ = [E(y|SNI = 1, t = 1, TR = 0) − E(y|SNI = 1, t = 0, TR = 0)] − [E(y|SNI = 0, t = 1, TR =
0) − E(y|SNI = 0, t = 0, TR = 0)] − [E(y|SNI = 1, t = 1, TR = 1) − E(y|SNI = 1, t = 0, TR =
1)]− [E(y|SNI = 0, t = 1, TR = 1)− E(y|SNI = 0, t = 0, TR = 1)]

18Provided SNI>0.
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and 200 kilograms per year. This concurs with previous studies on cotton production in Uganda, which �nd

that the average subsistence farmer produces about 100 kilograms of cotton lint per annum, while an average

US cotton farm yields about 500 kilograms per acre Ba�es (2008a). To situate this in tangible terms, one

third of a kilogram of seed cotton19 amounts to approximately one half to one full cotton t-shirt, where one

cotton t-shirt requires 0.30 kilograms of seed cotton, or about a quarter of a kilogram of cotton lint, which

equates to 90 US cents for the Ugandan farmer. Standard deviations for the yield of cotton (kilograms per

acre) and level of cotton (total kilograms produced) are particularly high. This is due to the stark drop-o�

in production from 2009 to 2010, as well as to yields being right skewed, as seen in Figure 1. The average

farmer produces less than 500 kilograms per season, which is well below the maximum producer in 2009 of

2,000 kilograms, resulting in a high variance in yields.

The number of acres used to grow cotton ranges between one half to one acre on average. Land is generally

not a scarce resource, though having the means to clear and prepare the land is. Therefore measures of yield

will reveal this constraint, while the total kilograms of cotton harvested will not. We also summarize yield

per seed, denoted as �ypseed�, since yield alone may not re�ect accurate planting technique and input use.

One farmer may have access to more seed and can replant in areas where no germination takes place, while

another succeeds with the �rst round of seeds because of good technique. Yield per seed was 52 kilograms in

2009 and fell down to 37 kilograms in 2010. It should be noted, however, that seed is freely or nearly freely

provided by cotton ginners, so that yield alone may be the most appropriate outcome measure. The drop

in yields, acreage used for cotton and yield per seed, is the result of delayed rains in Northern and Eastern

Uganda during the course of the intervention. Our interest remains in measuring the impact of the SNI in

two ways. First, we measure the impact that the SNI had on increasing the probability that a household

maintained cotton as a cash crop despite the drought. Second, we estimate the impact that the SNI had on

output, and intermediate input decisions for farmers, while controlling for the impact of the TR intervention.

We �rst look at the impact of the SNI on farmers' decision to grow cotton in the presence of the training

intervention, clustering all standard errors at the village level to account for within village correlations be-

tween households' error terms on outcomes. Table 2 estimates the e�ect of the SNI and TR on remaining

a cotton grower between 2009 and 2010, despite the adverse weather shocks mentioned earlier. We use a

Probit model to predict the probability that a grower continues to grow cotton. Column 1 indicates that

the presence of the SNI in a village positively and signi�cantly impacted a farmer's decision to continue to

19Seed cotton refers to the harvested cotton lint and seed, where the seeds have not been �ltered from the
lint. Cotton seed refers to the actual seeds that cotton produces.
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grow cotton, where the outcome variable is zero if the individual ceased to grow cotton in 2010, and equals

one if they planted cotton. The marginal e�ect of expanding a farmer's network by one link increases the

probability of remaining a cotton grower by 18 percent. Whereas, introducing training to a farmer increases

the probability of remaining a cotton grower by only 11 percent and is insigni�cant.

Table 2, Column 2, estimates an Ordered Probit model, where the decision to not plant is 0, the decision

to plant but then realize no yields is assigned a 1, and the decision to plant and realize positive yields is

assigned a 2. Our estimates reveal the signi�cance of the SNI and TR in e�ecting the outcome variable. The

ordering of these outcomes re�ects the somewhat subjective perspective that planting and realizing positive

yields is the best possible outcome. Of course, from a general equilibrium perspective, we cannot say that

growing cotton is necessarily an optimal component a househould's production basket.

A hurdle model might also be appropriate, where the decision to plant is modeled as a Logit or Probit,

and conditional on a non-zero yield the distribution is modeled as a Poisson. However, this model would

not capture the di�erence between a zero yield due to no attempt to plant cotton vs. a zero yield where

the farmer made an attempt but yielded zero, two susbtantially di�erent decisions and outcomes. Table

2, Columns 3 and 4 estimate a hurdle Logit poission model. Column 3 shows that the SNI had both a

signi�cant impact on individuals' decision to continue growing cotton between 2009 and 2010, but also had

a signi�cant impact on the potential output that they realized. Even more surprising, is that the the SNI

had a stronger and more signi�cant positive impact on growing behavior than the TR.

Table 3 estimates Equation 3, the triple di�erence in di�erence (η coe�cient), and di�erence in di�erence

across the TR and SNI variables (γ and δ coe�cients repsectively) on log of yields in Columns 3 and 4.

We also run our estimations with yields in levels as we are interested in the interpretation of the programs'

e�ects on yields, not log yields, in Columns 1 and 2. We are interested in the coe�cients on SNIxt, γ, and

SNIxTRxt, η, that is, the pure impact of the SNI intervention over time on outcomes, and the additive

impact of the SNI relative to the TR treatment over time. At the same time, we also check that the estimated

coe�cients on SNI, and TR are insigni�cant. SNI, and TR are dummies for having been selected for the

SNI and TR treatments. They capture whether selected households are signi�cantly di�erent in their yields

from households who were not. Similarly, the t variable measures whether there is a signi�cant time trend in

yields, which we expect to be negative given the drop in yields between 2009 and 2010. The �rst four columns

of Table 2 show our initial estimates in yields and log of yields. Selection into the programs was random

as indicated by the insigni�cant e�ect of TR and SNI. The negative and signi�cant coe�cient on t reveals
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the downward trend in yields that is exhibited in the summary statistics of Table 1. The estimated impacts

of SNIxt, γ̂, and of SNIxTRxt, η̂ are insigni�cant. However, both estimates are signi�cant under the log

yields speci�cation in Columns 3 and 4. The additive e�ect of SNI on TR program is insigni�cant everywhere.

As Table 1 indicates, yields are overdispersed, where the variance in yields exceeds its mean. As Figure 1

shows, the average producer, before and after the treatments, is clustered below a 500 kilogram yield per

year, so that the deviation from the mean yield is quite high for those few producers in the right tail of the

distribution. Hence, the above result that the SNI treatment had an insigni�cant impact is not surprising

if the upper portion of the yield distribution could gain nothing from the program. We would not expect a

signi�cant impact from social networks for the highest producers, who are already far above the mean yield,

given that their knowledge base is likely saturated. It is farmers with production yields in the low to mid

quantiles that we would expect to bene�t the most from new networks. We did not exclude these farmers

from the study, however, because they may play a critical role in information dissemination. We now look

at the average impact of the program for those producers located around the mass of the yield distribution

in Figure 1. These are individuals who yielded 500 kilograms per acre or less in 2009. Those who yielded

greater than 500 kilograms per acre in 2009 are removed from the sample, which constitutes 15 percent of

our original sample 20.

Columns 5 and 7 of Table 3 estimate Equation 3, conditional on having grown 500 kilograms of cotton per

acre or less in 2009:

E(logyt|yt < 500) = E(α+βt+ρSNIt+µTRt+νSNIxTR+ηSNxTRxt+γSNIxt+δTRxt+ut|yt < 500)

(7)

They show that the SNI treatment has a positive and signi�cant impact on yields and log yields respectively.

Dropping down to households who harvested less than 400 kilograms of cotton in 2009, reveals an even

greater impact of SNI, as shown in Columns 6 and 8. This result is also of economic signi�cance, as the

average cotton yield in rural Uganda is 100-200 kgs per year, and the signi�cance of our e�ects extend to

households who began with yields of up to 400-500 kilograms. That is, even households who are well above

the mean yield, bene�t from the SNI. In fact, the impact of the SNI program for these producers ranges

from 66 to 74 additional kilograms of cotton per acre, which is 50 percent increase from the average farmer's

20A household is dropped from the sample in both years if its yield in 2009 was less than 500 to maintain
a balanced panel
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cotton yield between 2009 and 201021.

To gain a more complete picture of the SNI's impact on output for every quantile of producers by output,

we plot the marginal impact of SNI on yields, conditional on households' yields being less than X kilograms

per acre in 2009, where X ∈ (0, 2000), and the estimates' corresponding t-statistics22. Figures 2 and 3 are

smoothed plots of the estimates of γ, the impact of SNI, from Equation 3 for yields< X for the total sample

of households, and for female-headed households alone. These graphs con�rm hypothesis (2), namely that

the marginal e�ect of SNI is decreasing for higher yielding farmers. This also shows that the impact of the

SNI is greatest for female-headed households producing up to 400 kilograms per year. Females producing

between 0 and 400 kilograms per year experience an increase in yields of up to 70 kilograms per acre for

the additional link that is added to their social network, as seen by the peak in the distribution in Figure

3. Additionally, this e�ect spills over to male-headed households in the lowest quantile of producers, i.e.

those yielding up to 200 kilograms per year, as seen in Figure 4. The e�ects for males do not reach statis-

tical signi�cance at the 10 percent level, but are nevertheless non-negligible. This con�rms hypothesis (3),

namely that the value to a male farmer i of an additional link to person j is decreasing with the distance to

j. Granted, we do not directly test for this relationship by mapping the networks within villages, and then

estimating the average e�ect of the SNI program along speci�c network paths. However, villages are quite

small, and the individuals in our sample are very likely connected to one another within a few degrees of

separation. Therefore, males in the sample who did not participate in the SNI, are in some way connected

to the females who did. Given that the females did expand their networks, the males likely did so as well,

and this appears to have a muted e�ect on males' yields.

5.1.1 GLM Estimation

The above estimation assumes that E[ln(y)|X] = Xb, which shifts the distribution of yields below zero when

a small constant, c, is added to zero valued yields. It may be more appropriate to assume: ln(E[y|X]) = Xb,

which can be estimated by a generalized linear model with a log link. That is, the mean of the datum is linked

to its predictors by a logarithmic function. The bene�t of this speci�cation is that the conditional mean

should be positive, but the realized outcome can be zero (Nichols, 2010), something that occurs frequently in

the labor literature with income and wage data, and with developing country data where yields and income

21The average yield across both years is 140 kilograms/acre. A 70 kilogram increase in output would result
in 50 percent increase in yields for the average farmer.

22Using the triple di�erence estimate from a linear regression with yields in levels:
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exhibit a mass near zero. We need only to specify a distribution for (yi|Zi), so that the E[y|X] is de�ned.

Our results are robust to several distributional speci�cations (Gamma, Poisson, Gaussian), but modeling the

conditional yields as a Poisson �t the data best. If (yieldi|Zi) ∼ P (µi), then the mean of the distribution

is de�ned as µi = exp(α + βt + ρSNIt + µTRt + νSNIxTRt + ηSNxTrxt + γSNtxt + δTRtxt). Table 4

estimates Equation 3 using a GLM log link and Poisson distribution. The signi�cance of SNI's e�ect still

holds for producers producing 400 kilograms or less, as seen in Column 2. The estimated marginal e�ects

(not listed) of the SNI from the GLM estimation are a 30 percent increase in yields for the average farmer,

a 36 percent increase for women, and a 19 percent increase for men.

5.1.2 SNI and Training as Substitutes

We have found that the complementary impact of SNI on TR is insigni�cant, that is, the estimate of η is

insigni�cant in all of our speci�cations. This may because the TR program induces its own social networking

e�ect such that SNI does not bring any additional gain to individuals who received TR. Therefore, each

intervention seems to e�ect individuals' outcomes independently. We therefore, look at how the impact of

the SNI (with and without TR) compares to the impact of TR (with and without SNI).

Table 4, Column 1 and 2 allow us to compare the e�ect of the SNI for those who received training compared

to those who did not receive training in Columns 1 and 2. Column 2 compared to Column 1 shows that

the SNI had its greatest economic and statistical impact for individuals who did not receive TR, where SNI

increased yields by 74 kilograms per acre for those without TR23, vs. 26 kilograms per acre for those who

did receive TR, which was insigni�cant. In Column 4, we estimate the converse of Column 2; we estimate

the impact of TR for individuals who did and did not receive the SNI. The results show that the e�ect of

the TR where there was no SNI administered increased yields by 82 kilograms per acre and was signi�cant,

but increased yields by 34 kilograms per acre where SNI did occur and was insigni�cant. If we compare the

e�ects of SNI vs. TR, we see that the two programs are of comprapable e�cacy for increasing cotton yields.

Therefore, the two programs appear to be feasible substitutes at increasing productivity in villages. The

results hold true for the GLM speci�cation as well, as shown in Columns 4-6.

Whether social capital behaves as a substitute or complement to standard training programs, may depend on

the program type itself. (?) suggests that when programs are delivering private goods with large information

23Which we can also see in Table 3 Column 6
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spillovers then the in�uence of social capital on information sharing is high. The highest returns to invest-

ments in social capital, however, are when �the economic good that a development project is designed to

deliver is characterized by high levels of nonexclusiveness or non-rivalry.� Of course, most training programs

aim to deliver new knowledge, where knowledge is the quintessential public good. In that sense, we believe

that the marginal investment in a social assessment will be relatively small compared to the potential ben-

e�ts of the investment, regardless of whether the agricultural training itself is meant to deliver a private good.

What is signi�cant about this �nding is that whereas a training program requires the coordination of several

agricultural extension agents24, repeated travel to remote villages along unpaved roads, as well as coordi-

nation with the recipients of the training, the SNI is a one time pairing of individuals and dissemination

of information. A training program such as TR would cost between 300-600 dollars per village per year.

Considering that Uganda has over 95 districts, each with around 10 subcounties, and 5-10 villages per sub-

country. With over �ve thousand villages, the cost of a training program could range from one to three

million, depending on the number of trainers and their expertise. The SNI would amount to a one time

travel cost and the time of one individual to organize the SNI. At the national level the SNI would cost in

the order of one hundred to �ve hundred thousand.

5.2 Inputs

There are two channels through which the SNI could impact yields: (1) it could change the input decisions

for cotton production and (2) it may change the techniques used by farmers (timing, weeding, thinning, and

harvesting) to produce cotton. The di�erential impact of the SNI on outcomes between males and females

may be a result of a change, or lack thereof, in either intermediate step. Our �rst check should naturally be

to detect whether the SNI impacted the use of inputs in producing cotton.

We again look at the impact of the SNI on input use across the entire sample, and for males and females

separately, using yields and log yields in a triple di�erence in Tables 6 and 7. These estimations suggest that

there is a shift in the number of acres used for cultivating cotton, and a less consistent shift in the amount

of seed used as a result of the SNI. These results are strongest for the log-transformed data, and remain

signi�cant for the female sample, but not male.

24Agricultural education, extension and training programs ensure that information on new technologies,
plant varieties and cultural practices reaches farmers and those who need them most.
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That said, another channel through which the SNI may have impacted output is through the improvement in

planting techniques themselves. We will look at this in future research, where we can compare the knowledge

correctly learned about planting cotton before and after the training and SN interventions through our tests

on best practices in cotton production.

6 Conclusion

This is the �rst experimental design in the development literature to identify the causal impacts of social

networks on productive agricultural outcomes. Previous research has not been able to claim a causal e�ect

of social networks, while other literature estimated the e�ect of a training program at propagating new

information across existing networks. One other study has implemented a comparable study to our own, but

varies the frequency of meeting between �nancial network members to measure its e�ect on loan repayment.

To circumvent these shortcomings, we exogenously perturbed networks, focusing only on females, whose

output lags behind men's and whose potential to improve yields via social networks appeared to be large.

Our estimates are robust to several speci�cations, including a general linearized model which approximates

a linearized production function for yields of cotton.

We �nd that social networks have a causal impact on production. We estimated the SNI's own impact, and

additive impact on the TR program using linear regression, log linear, and generalized linear model with

a log link for mean yields. All of our results indicate that the SNI had a signi�cant impact on yields for

individuals who produced less than 500 kilograms per acre in 2009, where the average Ugandan farmer pro-

duces between 100 and 200 kilograms per acre per year. In particular, the di�erence in di�erence estimates

of SNI on yields show that that an additional link to a female's social network increases yields by about 70

kilograms per acre, and this e�ect declines for the highest yielding farmers. Much of this impact is driven

by an increase in females' yields in villages where there was no TR. This is a substantial �nding, given that

females comprise 80 percent of the agricultural labor force in Uganda, yet rarely receive direct agricultural

training.

In addition to contributing to the development literature on social networks, the SNI also serves as a po-

tential development program in and of itself. Given that the the average cotton producer yields 100-200

kilograms of seed cotton per year, the SNI increases a female's household productivity by 50-60 percent in

our data, which is nearly as much as the training program does alone, but at a fraction of the cost. As (??,
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Ish) stresses, it is important that such �ndings on social capital be given a context for policy practitioners.

�A mix a pinch of trust with a dash of social cohesion; then let simmer for six or seven centuries� is not

a strategy for development ?? (Ish). As a practical implementation of our �ndings, we advocate that for

optimal e�ects, programs similar to the actual social network intervention outlined here be used, rather than

the more traditional idea of advocating groups, such as farmers' groups or female groups. We �nd, from the

experimental extension of this work (Vasilaky (2010)), and through our qualitative studies, that promoting

groups strengthens already existing social structures in a village, while developing new and random links

helps to propagate new information from peripheral individuals, whose voice might otherwise be subsumed

by a well regulated social structure. Furthermore, we �nd that competitive incentives rather than group

incentives are better at propagating information exchange. The social network intervention outlined and

tested here was successfully designed to achieve that.

Agricultural development is a foundational step to progressing past rural poverty, yet one of the most di�cult

to implement. Agricultural programs require time, inputs, and transmission of new knowledge. The SNI

acted as a program which increased farmers' output without the continual intervention of outside agents,

which the TR required. In addition to potentially being a substitute for training programs, the SNI also

circumvents the potential biases that exist in developing countries towards male focused training. As such,

our �ndings are relevant to the developing country context where males disproportionately receive more

training programs as compared to females, and where there is limited information exchange across genders.

This is true not only in East Africa, but in rural areas of Latin America, India, and the Caribbean. Social

networks can be instrumental at increasing productivity and can substitute for traditional training programs

at a fraction of the cost.
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Table 1: Means over time
Means in 2009 & 2010

2009 2010 Total
SNI 0.475 0.475 0.478

(0.500) (0.500) (0.500)

TR 0.658 0.658 0.660
(0.474) (0.475) (0.474)

sex 1.488 1.480 1.484
(0.501) (0.500) (0.500)

kgs cotton 140.8 79.54 109.9
(201.5) (129.2) (171.6)

[1em] acres 0.983 0.586 0.783
(0.701) (0.593) (0.678)

yield (kgs/acre) 182.0 139.5 160.6
(208.7) (234.9) (223.1)

kgs seed 4.976 3.232 4.097
(3.799) (3.000) (3.527)

yperseed 52.83 36.96 44.83
(78.32) (62.70) (71.27)

Mean of each variable with standard deviation in parentheses.

29



Table 2: Probit, Oprobit, HPlogit
(1) (2) (3) (4)

0=Dropped 1=Attempted
0=Dropped 1=Attempted&0 2=>0

EQUATION VARIABLES logit & poisson

planter SNI 0.699*** 0.922**
(3.115) (2.208)

TRAINING 0.428** 0.578
(2.286) (1.614)

TrxSNI 0.0159 0.212
(0.0558) (0.409)

SINGLE SNI 0.565** 0.922**
(2.272) (2.208)

TRAINING 0.334 0.578
(1.579) (1.614)

TrxSNI 0.0657 0.212
(0.207) (0.409)

TrxSNI (0.554) 0.212 -0.184
(-1.078)

SNI 0.335**
(2.022)

TRAINING 0.241
(1.536)

Constant -0.0161
(-0.106)

Observations 325 325 325 325
Robust z-statistics in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Figure 1:
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Table 4: Double Di�erence, GLM
(1) (2) (3) (4)

DD DD
DD F M

yield1<400 yield1<400 yield1<400
EQUATION VARIABLES DD GLM GLM GLM

yield1 t -0.944*** -1.109*** -1.482*** -1.012***
(-3.714) (-2.989) (-2.760) (-2.706)

SNI 0.268 -0.155 -0.497* 0.0489
(1.484) (-0.767) (-1.916) (0.226)

TR 0.107 -0.0277 -0.0124 -0.0213
(0.659) (-0.149) (-0.0680) (-0.102)

TrxSNI 0.348 0.592* 0.226
(1.389) (1.774) (0.846)

SNIxt 0.173 1.001** 1.468** 0.862*
(0.682) (2.351) (2.126) (1.910)

TRxt 0.774*** 1.206*** 1.020* 1.554***
(3.502) (2.621) (1.669) (3.279)

TRxSNIxt -0.830 -0.694 -1.168**
(-1.585) (-0.884) (-2.096)

Constant 4.993*** 4.874*** 4.847*** 4.884***
(34.63) (33.93) (49.53) (28.92)

Observations 646 592 288 304
Robust z-statistics in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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