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Abstract

The recent internet expansion in India has led to an increase in the rural uptake of smartphones

and social media. In this paper, I study whether farmers are willing to exchange agricultural

information with their peers online, or if they need an in-person interaction to learn. I measure the

effects of this information exchange on their farming expenses and revenues. Self-selection into social

media networks makes it challenging to tease out effects of online peer interactions. To address

this, I exogenously assign farmers to multi-village Whatsapp groups in an experiment spanning

108 villages in rural south India. In another treatment, I invite the farmers to interact in-person

with their online peers. I find that treated farmers invest more in their farms, by an average of

Rs. 10,000 (≈ $120), but I do not find significant increases in their farm revenues. The increase

in farm investment is driven by increases in online information exchange. The added in-person

interactions do significantly add to the effects of online information exchange. While farmers are

able to exchange useful agricultural information online at low costs, this online information exchange

does not lead to significant revenue returns in the short-run.
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1 INTRODUCTION

1 Introduction

Information constraints present significant barriers for decision-making in developing countries.

With recent internet expansion in India, the costs of information exchange have drastically re-

duced. Since 2014, demand for social media messaging services such as Whatsapp has been steadily

increasing in the Indian market (discussed in more detail in section 2.2). So much so that today, the

company has its biggest market in India with over 300 millions users, with its penetration steadily

expanding in rural areas as well [Iqbal, 2020]. Sharing new information with peers across space

at negligible costs has the potential to economically impact multiple domains including politics,

health, education, and even agricultural productivity.

There is consistent evidence in prior literature that farmers’ decision making process and technol-

ogy adoption is influenced by their peers [Conley and Udry, 2001] [Foster and Rosenzweig, 1995]

[Bandiera and Rasul, 2006] [Beaman et al., 2018]. These studies have measured peer-effects for

individuals in geographically proximate networks. A growing body of literature has also focused

on the usage of mobile phones in agriculture, especially in developing countries.1 For instance,

there is some evidence that shows that communication through mobile phones can affect market

price dispersion, and farmer self-efficacy beliefs [Jensen, 2007] [Aker, 2010] [Lasdun, 2022]. A more

recent study revealed that farmers that had better network coverage were more likely to adopt high

yielding variety seeds, and witnessed greater productivity as a result [Gupta et al., 2020].

Today, despite increasing rates of rural social media usage for communication, the prevalence of

using social media for agriculture remains relatively low. This is probably why the effects of so-

cial media on farmer learning remains a relatively understudied area in economics. Are in-person

interactions crucial to social learning in farmers, or can social media interactions substitute the

traditional channels of farmer peer effects? These questions come with substantial identification

challenges, because social media participation is endogenous in that it is correlated with other fac-

tors that affect farmer learning and technology adoption.

1 For a detailed review of mobile phone usage and economic development in sub-Saharan Africa, refer to [Aker and
Mbiti, 2010].
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1 INTRODUCTION

In this paper, I address these identification challenges through a multi-faceted randomized control

trial in India. The experiment has two treatment arms. In the first arm, farmers from non-

neighboring villages were connected on multi-village, moderated Whatsapp groups (one group per

3 villages) to facilitate online information sharing of farming practices. In the second arm, along

with the Whatsapp groups, farmers were invited to meet in-person monthly to discuss several farm-

ing related topics over lunch, and attend a poster-presentation. Both arms facilitated online or

in-person discussions about various topics ranging from pesticide use, pest/weather shocks in the

region and how to prevent crop loss to such shocks, preferred locations of input dealers and so on.

Using a sample of 108 villages and 1,083 farmers in the southern Indian state of Andhra Pradesh, I

test the effects of online versus online+in-person interactions on adoption of Whatsapp as an input

for informing farming decisions, farmer information exchange behavior, as well as farming outcomes.

From the current literature we know that agriculture technology adoption drives, and it primarily

driven by diffusion of information, peer-effects and social learning. This study contributes to each

of these aspects in the following ways. First, there is a vast body of literature on peer-effects and

social learning. [Besley and Case, 1993] ,[Bandiera and Rasul, 2006] and [Comola and Prina, 2015]

provide some useful insight on how peer effects are dynamic. [Nourani, 2016] demonstrates how

strong ties affect the sophisticated farmer learning behavior and adoption in a network. The linear

in-means model by [Manski, 1993] explains the typical methodology to identify peer effects, and

[Goldsmith-Pinkham and Imbens, 2013] expand on this model by capturing the influence of indirect

links.

A small yet important caveat here is that peer-effects and social learning are not synonymous;

while peer-effects influence actions, learning from peers should reflect in greater knowledge of pro-

ductivity [Foster and Rosenzweig, 1995]. [Kondylis et al., 2017] and [Cai et al., 2015] tackle this

challenge in different ways, by measuring knowledge scores of individuals conditional on being in

treated networks to extract the effect of learning versus imitation or scaling effects. [Magnan et al.,

2015] show that mirroring adoption from peers is contingent on knowledge of adopters and does

not hold for adopters without knowledge about the new technology. But in addition to the regular

challenges of social network data collection [Maertens and Barrett, 2013] and informational ineffi-

ciencies [Jack, 2013], the deeper issue still remains that the information being shared between peers
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1 INTRODUCTION

is not observed, or is self-reported. [Beaman and Dillon, 2018] deal with this issue by asking par-

ticipants to exchange crop-cycle calendars with their friends, to get tangible evidence of knowledge

exchange between peers, which requires more time and effort. One of the major contributions of

this work is that by using Whatsapp groups as the primary platform for information exchange, I

collect timely, high-frequency data not only on the frequency of peer-interactions, but also on the

content of those interactions. This will aid in making robust causal inferences of the intervention

on adoption specifically through learning.

Third, most literature on agriculture technology adoption measures adoption as input use or knowl-

edge of input application [Foster and Rosenzweig, 1995] [Magnan et al., 2015] [Conley and Udry,

2001] [Munshi, 2004] [Bandiera and Rasul, 2006] [McNiven and Gilligan, 2012] [Kondylis et al.,

2017] [Beaman et al., 2018] [Maertens et al., 2020]. Only recently, there was a study conducted in

Tanzania to measure self-efficacy and learning through creating a new SMS chat platform [Lasdun,

2022]. Subsequently, to my knowledge, this remains the first paper to discuss the causal effects

of online peers, versus when these peers are invited to meet in-person, on farming outcomes and

information sharing. Lastly, while some literature has aimed at measuring welfare effects of adop-

tion (for example, [Jensen, 2007], [Harou et al., 2017]), this area departs from the focus of this study.

Lastly, in the past decade, a plethora of studies has aimed to increase effective diffusion of informa-

tion, through various methods- by identifying optimal injection points using the various centrality

measures, or social identity of nodes [Banerjee et al., 2013], [Beaman and Dillon, 2018] [BenYishay

and Mobarak, 2019] [Kondylis et al., 2017] [Cai et al., 2015], by varying threshold for contagion

[Beaman et al., 2018] , or by exploiting strength of ties [Nourani, 2016] [Murphy et al., 2019]. In

his seminal contribution, Granovetter [Granovetter, 1973] emphasizes the importance of weak ties

in bridging disconnected information islands consisting of clusters of strong ties. 2 In this study,

I exploit a pre-existing, essentially free platform of communication that is already being used by

farmers who have access to smartphones, but is not being widely used for discussions around farm

2 The ”strength” of an interpersonal tie is a linear combination of the amount of time, the emotional intensity, the
intimacy (or mutual confiding), and the reciprocal services which characterize each tie. See [Granovetter, 1973]
for more details, and Fig. 5 for a pictorial representation. Since the endogenously formed networks can create
‘echo-chambers’, it is the weak ties that are responsible for bridging the information divide.
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2 CONTEXT IN RURAL ANDHRA PRADESH

productivity.3

The rest of the paper is organized as follows: section 2 explains the setting of the experiment,

while section 3 explains the research design. Section 4 introduces a conceptual framework to guide

empirical hypotheses, Section 5 explains elaborates on the data collected, and section 6 goes over

the empirical strategy. Section 7 describes the results and section 8 discusses the findings.

2 Context in rural Andhra Pradesh

Andhra Pradesh is a state in south India, which was bifurcated into itself and Telangana in 2014.

According to the last census data from 2011, 38.9% of the total population of the area is urban.

Over 85% of farm holdings are small and marginal, and farmers mostly rely on rainfall for irrigation

[D. Raji, 2017]. Madanapalle, the nearest market to the study’s location is the biggest tomato

market in India, and a large part of the farmers in the sample grew tomatoes in at least one of the

three seasons in the duration of the study (see Fig. 8 in Section 7).

2.1 Traditional Agriculture Extension Services

Other than the involvement of its state government, Andhra Pradesh consists of multiple agricul-

ture extension institutes, such as the Agriculture Research Station, Institute of Crop Research in

Semi-Arid Tropics (ICRISAT) a few miles outside its border, and a few others. The state also

consists of several research universities that focus on providing training in extension services, such

as Acharya N. G. Ranga Agricultural University. Therefore, most farmers, especially in villages

neighboring cities are able to rely on agricultural advisory from extension officers. Extension ser-

vices are also provided on TV and radio, and more recently, through Kisan Call Centers which

allow for tele-advisory over phone-calls to experts on a toll-free number.

Tuta Absoluta: A Pest Concern

Recently, an invasive pest species migrated to India from Latin America, locally known as Uzi,

which particularly affects tomato farmers in the region [Buragohaina et al., 2021]. Government and

research institutes are trying to reach as many farmers to adopt an integrated pest management

3 This was revealed to the author in pilot farmer interviews before the beginning of the experiment.
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method to deal with this pest. In the current landscape, farmers tend to over-invest in pesticides,

and not utilize other non-chemical methods to prevent the pest, which is what the research institutes

are trying to address.

2.2 Social Media Usage

The recent internet expansion in India started in 2016, with a public-private partnership ‘Jio’,

which laid out at least 250,000km of fiber optic cables all throughout India. This led to a signifi-

cant drop in the price of 4G internet, close to merely $2 per month for unlimited mobile data. By

2020, around 450 million people were using mobile phone internet. This in turn led to a significant

increase in engagement with phones and applications, especially social media platforms- even more

so during the Covid-19 pandemic. As we can see in the following Google Trends graph in figure 1,

the interest in Whatsapp spiked in 2016, and then peaked in 2020. 4

A more interesting pattern was formation of Whatsapp groups with social connections that sur-

passed geographical boundaries, allowing for several channels of virtual information exchange to

form at very low costs at the intensive margin. While it may be intuitive that these groups existed

to reinforce pre-existing ties in a social context, baseline data from this study revealed that farmers

mostly used their smartphones for communicating with friends and family, and not for agriculture

(Fig. 2). This indicates that there exists a possibility to convey agricultural information on an

already existing and popular platform to facilitate information flow between farmers across space.

3 Research Design

The sample was selected from a 2-stage randomization process. First, 108 villages (clusters) were

selected within a radius of 20km from the town of Madanapalle, Andhra Pradesh, which also consists

of the biggest vegetable markets (daily and weekly) in the region. Then, within each village, on

average upto 10 smartphone and regular phone owning farmers were enrolled in the study, provided

they satisfied the following 3 criteria:

1. They farm in both the monsoon and winter crop cycles.

4 The interest in other social media platforms such as Facebook did not follow a similar pattern, and in fact declined
in the last 5 years [see Fig. C.1 in the Appendix], which is why Whatsapp remains the focus of this study.
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Figure 1: Growth in searches for Whatsapp

Note: This figure depicts a google trends graph showing the increasing interest over time in Whatsapp.

2. They are the primary agricultural decision maker.

3. Their primary source of income is agriculture.

The reason for the first criterion is to allow panel data collection throughout the calendar year

without losing farmers who only farm in one season. The second criterion ensures that the treated

participants will be the ones making all farming-related decisions. The third criterion is listed

to exclude farmers whose livelihoods do not rely solely on agriculture, and can be thought of as

a proxy for intrinsic motivation to improve agricultural practices and outcomes. Out of all the

enrolled farmers, 90% from each village were randomly selected into the sample. 5 Farmers were

contacted through socially distanced, in-person conversations in each village.

After the baseline survey, the sample villages were stratified into quartiles based on distance from the

5 The reason for surveying smartphone non-owners is to measure possible spillover effects of treatment to farmers
who do not have direct access to smartphone technology.
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Figure 2: Reasons for using Whatsapp

Note: This graph depicts a sample subset of 407 farmers who owned smartphones and used Whatsapp in the
beginning of the study. Regardless of treatment assignment, over 90% of the farmers used Whatsapp as a means to
communicate with friends or family, and only around 30% used Whatsapp for agriculture.

biggest nearest market, Madanapalle (Fig. 3). Then, the villages were randomized from each strata

into a pure control and 2 treatment groups. Both smartphone owners and non-owners were surveyed

to measure potential spillover effects of the Whatsapp intervention. 5% of the sample reported to

purchase a new smartphone during the course of the study, and these farmers were invited to the

Whatsapp groups subsequently. This is not a concern since the treatment assignment is at the

village level. The goal of the Whatsapp moderation was two-fold:

1. To solicit participation from the farmers by asking questions that were relevant in the region,

for example satisfaction of input quality, or tips to prevent pests on tomato crops.

2. To share information from our end in conjunction with research institutes on issues that were

brought up in the pilot surveys.

Farmers in the treatment villages who own smartphones were assigned to one of the following two

treatments:

1. In the only-Whatsapp arm, randomly selected farmers from non-neighboring villages were

connected on 12 Whatsapp groups, three non-adjacent villages per group with approximately

each group having on average 15 farmers (see Fig. A.3 in Appendix). Random assignment of
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Figure 3: Sample of 108 villages

Note: Navy dots represents the villages that are in the farthest quartile of distance from the biggest market (Madana-
palle), red dots are villages in the closest quartile. Treatment assignment was stratified on distance quartiles. Fig.
A.4 in the Appendix shows the distribution of these villages by distance to Madanapalle.

villages ensures exogeneity in network formation, while them being non-adjacent reduces the

probability that the Whatsapp group members already know each other in-person.

2. In the Whatsapp-plus-lunch and poster presentations arm, other than being connected on non-

adjacent, 3-village Whatsapp groups, the farmers were also invited to attend monthly lunch

gatherings which included poster presentations. Posters were made by our team on topics

that were in-demand based on conversations with pilot farmers, and were based on the timing

of the crop cycle. This is the exact same information being shared on Whatsapp groups, but

in this arm, the farmers are allowed to interact with the posters and with each other in-person

(see Section A in Appendix for examples). The purpose of this arm is to complement the

virtual interactions on these exogenously created Whatsapp groups to extract the differential

effects of adding an in-person component to virtual interactions. 6

The Whatsapp groups were moderated by enumerators to monitor the conversations and encourage

participation. To ensure homogeneity in moderation across the 24 Whatsapp groups, I created a

6 In an ideal setting, I would also have a third pseudo-control arm where information would be shared with the
farmers only in-person. Given standard sample size and cluster-size requirements, this exceeded the time and cost
capacities of this study and was therefore not feasible.
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4 CONCEPTUAL FRAMEWORK

schedule of messages to be sent as prompts to increase engagement, or responses to farmer questions

to ensure consistency across groups (pdf in Appendix). The timeline of the project is depicted in

Fig. in the Appendix. I also measure the number of days spent on the groups per farmer and use

this as a proxy for exposure to treatment (see Fig. A.6 in Appendix). The following figure 4 depicts

treatment assignment.

Figure 4: Treatment Assignment

Note: Treatment was assigned at the village level to avoid contamination of treatment within villages. For each
village, approximately same number of both smartphone-owners and button-phone owners were interviewed. The
total number of farmers enlisted was 1293, but only 1083 were retained for a balanced panel across the three survey
waves.

4 Conceptual Framework

In this study, I aim to create and measure the influence of online peers as compared to in-person

peers, by enabling long-distance social media links that connect farmers across space, on farmer

information exchange and agriculture outcomes.
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Benchmark Framework

In a benchmark framework, farmers optimize input use to maximize their profit [Weersink and

Fulton, 2020]. They seek agricultural information from their geographically proximate peers, family

members, input dealers, extension agents and so on. However, search for this information bears a

cost. Let this cost be given by θi,t for farmer i in period t. Consider the following farmer production

function:

yi,t = f(xi,t, ω(θ)i,t, zi,t) (1)

where yi,t is the total yield for farmer i for crop cycle t. xi,t is a vector of inputs used in that crop

cycle. This vector of inputs also includes farmer adoption of Whatsapp for agriculture. The input

prices are given by the vector ω(θ)i,t, which is a function of the search cost of information, given

by θ. zi,t represents the individual characteristics of the farmer. Then the profit maximization

problem for the farmer is:

max
xi,t

pf(xi,t, ω(θ)i,t, zi,t)− c(ω(θ)i,t, yi,t) (2)

Framework with Treatment

Borrowing from the literature on strength of ties [Granovetter, 1973] [Nourani, 2016], let us assume

that pre-existing farmer networks represent ‘strong’ ties with frequent interactions, that are more

likely to influence farmer behavior. These networks can be both in-person, or online.7 Suppose

the new randomly assigned networks in the treated villages represent ‘weak’ ties, or acquaintances.

(see Fig. 5 for reference). For tractability, let us suppose that the effects of both strong and weak

peers are additively separable. The goal is to eventually test the effects of these peers on farmers’

willingness to exchange information, and consequently their farming outcomes.

With increased online access, farmers’ sources of information exchange increase. Direct online

contact with distant farmers reduces the degree of separation, thereby reducing the search costs as-

sociated with this information and affecting farmer input prices and usage. While the search costs

may increase due to misinformation or noise, rationally bounded farmers, in expectation, would

7 While in this context, in-person farmer networks are way more prevalent, I include virtual networks to account
for potentially preexisting online farmer connections.
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Figure 5: Example of Weak Ties bridging Two Strong Ties Islands

Note: Here, strength of ties is proportional to thickness of the edges between two nodes. That is, nodes 6 and 8 are
weakly connected, while 1-7 in the top left, and 8-12 in the bottom right are more strongly connected to each other.
This is analogous to strong within-village networks being connected through a weak across-village link.

optimize their Whatsapp use and hence, their input use, excluding the noisy signals.

Intuitively, the search cost of information is a function of number of other farmers in farmer i’s

information neighborhood, as well as the nature of information being shared in the group. θ in

equation 1 already accounts for pre-existing in-person and virtual connections for farmer i. For

treated groups, let the search cost be given by θ − θ̂(inpi, vi, parti), where −θ̂(·) is the search cost

reduction for treated farmers. θ̂(·) is a function of the number of farmer i’s new in-person and

virtual connections, given by inpi and vi respectively, and her own participation with these links,

given by parti.
8 9 Then, the production function for treated farmers will be:

yi,t = f(xi,t, ω(θ − θ̂(·))i,t, zi,t) (3)

The goal of the treatment is to reduce information search cost and optimize input use. Since this

cost is latent, I use other outcomes such as farm revenue and expenditure to measure treatment ef-

fects. The mechanism through which treatment affects revenue and expenditure decisions is changes

8 Participation in the Whatsapp groups measures compliance of treated farmers.

9 Note that for the only-virtual treatment, inpi = 0 such that ∂θ
∂inp

= 0.
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in farmer information sharing behavior post-treatment. While information sharing is only observed

for treated groups, self-reported measures are collected for all farmers (explained further in section

5). The intuition is that greater information exchange between distant individual farmers will lessen

the cost of searching information, and increase chances of optimal decision-making for input use.

Let Yi denote the set of outcomes for farmer i including the revenue (p · f(xi,t, ω(θ − θ̂(·)i,t, zi,t)),

farm expenditure (c(ω(θ − θ̂(·)i,t, yi,t)), and information sharing behavior (further explained in

Section 5). Let Treati denote whether farmer i was in a treated village, and Wavei denote the

survey wave. A simple regression framework yields that an ITT effect is captured by the following

equation:

Yi = α+ βTreati + γWavei + δ(Treati ×Wavei) + ϵi

Here,

E[Y Treat=1
pre ] = α+ β

E[Y Treat=1
post ] = α+ β + γ + δ

E[Y Treat=0
pre ] = α

E[Y Treat=0
post ] = α+ γ

Given that the sample was randomized and balanced, we have the following:

δ̂ITT = E[Ȳ Treat=1
post ]− E[Ȳ Treat=1

pre ]− E[Ȳ Treat=0
post ]− E[Ȳ Treat=0

pre ]

=⇒ δ̂ITT = α+ β + γ + δ − (α+ β)− (α+ γ − α)

Which can be rearranged as:

δ̂ITT = δ︸︷︷︸
Weak-tie effects for Treated

+ α+ β + γ − (α+ β)︸ ︷︷ ︸
Strong-tie effects for Treated

− (α+ γ + σ − α)︸ ︷︷ ︸
Strong-tie effects for Control

=⇒ δ̂ITT = δ
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In expectation in a balanced panel, the strong-tie peer effects of preexisting peers should be the

same regardless of treatment. This enables us to measure the additional treatment effects of new

peers separately, given by δ.

Since there are two treatment arms, we can decompose δ into δv and δinp, where δv denotes the

effects on the only-virtual arm and δinp measures the effect on the virtual+in-person arm. Given

this premise, we get the following hypotheses:

Hypothesis 1: Given yi denotes farm revenue (expenditure), δ > (<)0. This implies that condi-

tional on useful information being exchanged on the Whatsapp groups, treated farmers should see

positive effects on their farming outcomes.

If δv > (<)δinp, then the in-person component is not necessary for utilizing online farmer networks.

On the other hand, if δv < (>)δinp, then the in-person component is necessary to optimally use the

information being shared on the online networks.

Hypothesis 2: Given yi denotes willingness to exchange agriculture-related information with un-

known farmers, the treatment effect δ > 0. That is, both treatments encourage farmers to exchange

more information whether it is online, or in-person.

If δv > δinp , then the in-person component is crowding out online interaction with peers, since the

only virtual arm increases the willingness to exchange information by more. On the other hand,

if δv < δinp, then the in-person interactions complement the virtual interactions and increase the

willingness to exchange information more than only virtual interactions. Conditional on the value

of information being shared, this exchange is the mechanism through which treatment impacts

farming outcomes.

5 Data

There are two main sources of data in this study- farmer-level survey data and observational data on

Whatsapp groups for treated villages. The survey was conducted over 3 waves- baseline, midline and
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endline. Each wave was collected in the initial stages of the 3 seasonal crop cycles. Observational

data on Whatsapp groups was manually recorded by tracking each farmer’s participation in their

respective group. Transcripts of the Whatsapp chats were also recorded.

5.1 Outcome variables

I measure the effect of treatment on two intermediary outcomes and three main outcome variables.

• Higher-order outcomes

1. Farm revenue/ Value of yield : Due to the panel nature of the data, I am also able to

test for treatment effects of information exchange through Whatsapp groups on farm

revenues. This is calculated by self reported price and yield data. 10

2. Input expenditure: This includes total monetary costs of procuring farming inputs in-

cluding pesticides, fertilizers, seeds, irrigation etc. Costs on pesticides are also separately

collected.

3. Crop-loss due to pesticide: Because of the variation in type of crops grown, I am unable

to test convergence to an optimal level of input use. I do collect data on area of crop

lost due to pests in each season.

• Intermediary outcomes and mechanisms

1. Farmer willingness to exchange agricultural information: I collect data on how farmer

beliefs are updated over time with respect to receiving and sharing information from

known and unknown farmers- in-person versus over the phone. This is one of the primary

mechanisms I propose behind any potential treatment effects.

2. Whatsapp participation and adoption for agriculture: I also collect observational data

on the treated sample’s Whatsapp participation- including content and frequency of

message sharing. I also include data on messages from our team being delivered, seen or

responded to. For the entire sample, I collect survey data on use of mobile phones and

Whatsapp to inform agricultural decisions.

10Not every farmer ended up selling their yields. In that case, I used the median price for that specific crop in that
region. If no other farmer in that village sold the crop, then I used the next spatial unit, Mandal (sub-district),
and used its median price.
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5.2 Variables of interest

The baseline survey covers three broad domains. The first is typical demographic information

about the farmers, along with control variables for the analysis, including information on age,

education, household members, income, expenditure, assets etc. In addition, I collect some unique

new demographic data on phone ownership, smartphone usage and access (since not everyone who

uses a smartphone owns one, in a rural setting) and digital literacy, which includes familiarity

with Whatsapp interface, similar to an approach by [Badrinathan, 2020]. The third domain covers

standard agricultural questions including size of land holding, crops grown in the previous season,

and intention to grow crops next season, input usage, costs and yields in previous season and so

on. I also collect information on damage caused by pest and weather shocks. See table B7 for an

overview of baseline characteristics.

6 Empirical Strategy

6.1 Identification

Identification comes from variation in individual exposure to and uptake of information based on

treatment assignment. In other words, there is heterogeneity in information exchange and uptake

based on the virtual or virtual + in-person interactions, leading to changing beliefs about using

Whatsapp to inform agricultural decisions. As mentioned in section 5, the main outcome variables

are farm revenues and expenditure. The main mechanisms I test are changes in farmer willing-

ness to exchange relevant information with unknown farmers, and extent of participation on the

whatsapp groups (for treated farmers), and adoption of Whatsapp for informing farming decisions.

The main identification assumption in this analysis is that due to stratified, randomized treatment

assignment, on average, the outcomes of farmers in control and treatment groups should be com-

parable if no one was treated.

Some potential threats to identification are as follows. First, repeated virtual interactions may

lead to in-person connections, thereby conflating the two treatment arms. In this experiment, since

virtual groups are randomly created from distant, non-neighboring villages, the possibility that

virtual connections would turn into in-person connections in the first treatment arm does not pose
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a significant threat. In addition, there is a two-fold endogeneity with networks- first, in network

formation, and second, participation in the network after it has been formed. Treatment assignment

randomized and clustered at the village level takes care of the potential endogenous group forma-

tion since farmers are unable to choose which Whatsapp groups to be a part of. The latter, also

known as Manski’s reflection problem, posits that average outcome (app adoption in this context)

in a group influences and is influenced by the outcome of individuals that comprise the group (also

known as endogeneous effects), as well as average group characteristics (also known as exogenous

affects) [Manski, 1993]. Since individuals are randomly assigned into Whatsapp groups, average

group outcomes are not likely to affect each individual [Moffitt et al., 2001] [McNiven and Gilligan,

2012]. Also, the panel nature of the data will allow me to capture the lagged effect of peer beliefs

on an individual’s behavior, thereby addressing the potential simultaneity bias.

While attrition remains a concern, the time spent on Whatsapp groups for both treatments does

not seem to systematically differ- indicating that similar exposure to treatment across the groups

(see Fig. A.6). Lastly, common shocks to farmers located in the same geographic region can lead

to another type of endogeneity that [Manski, 1993] referred to as correlated effects. This variation

can be absorbed by using region-level fixed effects [McNiven and Gilligan, 2012].

6.2 Outcomes

To simply estimate the Intention-To-Treat estimate, I can run the following model:

yi,v,k,t = α+ βTreati,v,k,t + γWavet + δTreati,v,k,t ×Wavet + µXi,v,k,t + ρv + ϵi,v,k,t (4)

Where yi,v,t is a set of agricultural outcomes including farm revenue, input costs, pesticide costs

and area of crop lost to pests, for individual i, in village v in treatment k at time t. Xi,k,t is a set

of demographic controls of the individual, and ρh are village-fixed effects (to control for correlation

effects mentioned in [Manski, 1993])
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6.3 Intermediary Outcomes and Mechanisms

The proposed mechanism for the treatment effects is greater information exchange with unknown

virtual peers, as well as increased participation on Whatsapp to inform agricultural decisions. I

test this by running the following models:

exchangei,v,k,t = α+ βTreati,v,k,t + γWavet + δTreati,v,k,t ×Wavet + µXi,v,k,t + ρv + ϵi,v,k,t (5)

where exchangei,v,k,t is the willingness to exchange information with other farmers.

7 Results

7.1 Descriptives

Table B7 in the Appendix depicts the summary statistics of the sample by treatment. The sample

is balanced across most demographic and agricultural variables in the baseline. Fig. 6 shows self-

reported uses of smartphones at baseline, by treatment. In all three groups, most of the farmers

used their smartphones for phone calls (99.6%), and Whatsapp (86.3%). There is also a surpris-

ingly sizable proportion of farmers that use YouTube (76.2%). Other uses (7%) include other social

media applications such as Instagram, as well as for children’s education (e-learning).
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Figure 6: Range of Smartphone Uses

This graph depicts different ways in which the sample farmers used their smartphone at baseline (n=482).

Another metric for specifically measuring Whatsapp use is familiarity with the interface of phone

application. I measure this through creating a score of digital literacy based on [Badrinathan, 2020].

Fig. 7 depicts baseline digital literacy score by treatment. The distribution of this score is skewed

to the right, with most farmers scoring low, regardless of the treatment group. This indicates that

despite high Whatsapp usage rates, farmers are using Whatsapp to view media or communicate

without focusing on the technical aspects of the application.
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Figure 7: Baseline Digital Literacy Score by Treatment

Note: This is a measurement of familiarity with digital messaging application such as Whatsapp. It includes an

index of familiarity from 0 to 3 of Whatsapp features such as forwarding, blue tick, status, group and mute. Trends

are similar across treatments.

7.2 Outcomes: Agriculture

Due to the variation in crops grown in the sample, it is not feasible to measure agricultural outcomes

in terms of optimal input usage, since this would vary by crop. Instead, I measure the expenditure

on inputs, especially pesticides, since a particular pest, Uzi, was of particular concern to the tomato

farmers in the region. Table 1 shows the intent-to-treat effects on the farming investments includ-

ing input expenditure and pesticide expenditure separately. All values are in Rs. 1000 and were

standardized by area of land owned. Columns (1) and (2) depict ITT effects on input and pesticide

expenditure without any controls. Column (3) and (4) include individual controls, and columns (5)

and (6) include individual as well as mean group controls to address the exogenous effects stated

in [Manski, 1993]. Controlling for the group means does not significantly change the outcomes,
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Table 1: Differences in Farm Expenditure by Treatment at Endline

(1) (2) (3) (4) (5) (6)
Input Exp. Pest. Exp. Input Exp. Pest. Exp. Input Exp. Pest. Exp.

Only Virtual 11.11∗∗ 2.58∗ 11.02∗∗ 2.55∗ 11.02∗∗ 2.55∗

(4.78) (1.30) (4.80) (1.31) (4.80) (1.31)
Virtual + In-person 8.58∗ 2.36∗∗ 8.58∗ 2.36∗∗ 8.58∗ 2.36∗∗

(5.03) (1.17) (5.04) (1.18) (5.04) (1.18)
Controls × × ✓ ✓ ✓ ✓
Mean Group Controls × × × × ✓ ✓
Baseline Control Mean 48.13 11.17 48.13 11.17 48.13 11.17

N 3249 3249 3246 3246 3246 3246

This table represents changes per acre owned in input expenditure (1) (3) and (5), pesticide
expenditure (2),(4) and (6). Columns (3) and (4) include individual controls, and columns (5)
and (6) include mean control values for each individual in a Whatsapp group controls, excluding
that individual. All columns are in Rs. 1000 per acre. Outcome variables have been winsorized
at 5-95%. Coefficients are from a regression of the dependent variable on the post-treatment
indicator, as well as village and strata fixed effects. Standard error are in parentheses, and are
clustered at the village level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

which is a testament to the random group assignment. Overall, there were positive and significant

increases in both input expenditures (≈ Rs. 10,000), and pesticide expenditures (≈ Rs. 2,400) per

acre, for both treatment groups relative to the control. The effects on the two treatment arms are

not statistically significantly different from one another. This implies that the in-person component

does not add any additional value to the input decision-making process of treated farmers.

I do not find any significant differences in the farm revenue of treated farmers (Table 2). This could

be because of two reasons. First, the self-reported price data may be capturing noise.11 To test

this, I calculate the revenue using median prices and this does not change the results or reduce the

noise. Second, benefits from greater farm investments may not reflect in revenues in the short-term.

I also do not find significant effects on crop loss to pests as shown in Table .

11 I use revenue instead of yield to compare outcomes for farmers that grow different crops and sell them in different
units. I collected the per-kilogram price and per-unit yield and converted each unit to kilogram to calculate the
revenue.
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Table 2: Differences in Revenue by Treatment at Endline

(1) (2) (3)

Only Virtual -8.34 -8.37 -8.37
(15.93) (15.97) (15.99)

Virtual + In-person -19.06 -19.06 -19.06
(18.88) (18.90) (18.92)

Controls × ✓ ✓
Mean Group Controls × × ✓
Baseline Control Mean 31.46 31.46 31.46

N 3249 3246 3246

This table represents changes per acre owned
in total farm revenue. Column (2) includes in-
dividual controls, and column (3) includes mean
control values for each individual in a Whatsapp
group controls, excluding that individual.. Both
columns are in Rs. 1000 per acre. Outcome
variables have been winsorized at 5-95%. Coef-
ficients are from a regression of the dependent
variable on the post-treatment indicator, as well
as village and strata fixed effects. Standard er-
ror are in parentheses, and are clustered at the
village level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

7.2.1 Heterogeneity in Tomato Farmers

Over the period of the study, a large number of the sample farmers grew tomatoes in at least one

season (see Fig. 8). This is not surprising as Madanapalle, the study region, is known for its

vast tomato market as mentioned in Section 2. Dividing the outcomes by tomato and non-tomato

growing farmers yields the following results.12

12Here, I separate the sample into farmers that grew tomatoes in at least one of the three crop cycles, and those
that never grew tomatoes in the duration of the study.
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Figure 8: Variation in Crops by Treatment over Time

Note: This graph depicts variation in crop choice for the season preceding the mentioned survey wave. Tomato

(baseline and endline) and rice (midline) were the main crops grown in the region, with over 80% farmers growing

these crops before the first two waves, and 60% before the endline.

From Table 3, it is evident that farm expenses by tomato farmers are around double that of the

pooled sample, indicating that the significant increases in input expenditures in Table 1 are likely

being driven by tomato farmers. Within the two treatments, these increases are not significantly

different. I check for differences in quantity of crop lost to pests (in acres). I do not find any

significant differences in crop lost to pests for the pooled sample or tomato farmers (see Table B10).

I fail to reject the hypothesis that yields and revenues for tomatoes farmers does not significantly

change in the short term.

7.3 Mechanisms: Information Sharing

This section is divided into three parts: whether information is being shared, with whom it is being

shared, and what kind of information is being shared (followed by a section on text analysis of the
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Table 3: Differences in Farm Expenditure for Tomato Farmers by Treatment at Endline

Pooled Tomato Farmers
(1) (2) (3) (4)

Input Exp. Pest. Exp. Input Exp. Pest. Exp.

Only Virtual 11.21∗∗ 2.64∗∗ 23.04∗∗∗ 4.41∗∗

(4.80) (1.31) (7.77) (2.12)
Virtual + In-person 8.64∗ 2.40∗∗ 16.69∗∗ 3.71∗

(5.06) (1.18) (8.31) (1.89)
Baseline Control Mean 25.87 4.65 44.44 8.75

N 3249 3249 1480 1480

This table represents changes per acre owned, for tomato farmers, input
expenditure (1) and (3), and pesticide expenditure (2) and (4). All
columns are in Rs. 1000 per acre. Coefficients are from a regression
of the dependent variable on the post-treatment indicator, as well as
village and strata fixed effects. Standard error are in parentheses, and
are clustered at the village level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Whatsapp chats). To start off, I use an indicator variable to measure changes in farmer adoption

of Whatsapp for agriculture. Table 4 shows the results by treatment. Farmers in both treatment

groups were 50% significantly more likely to use Whatsapp for agriculture as compared to the

control. Fig. 9 shows that in the treated groups, a greater proportion of farmers reported using

Whatsapp for agriculture. But this is by design since the information intervention required treated

farmers to use Whatsapp. Note that this fitted curve follows the bottom part of an S-shaped

diffusion curve [Sunding and Zilberman, 2001]. However, this is self-reported data and may be

affected by social desirability bias. To check for this, from the manually recorded Whatsapp data,

we can track the participation of individual treated farmers over time. Fig. 10 shows the mean

participation rates, including delivery, reading, responding to messages sent by the moderators in

the groups, and whether the farmers initiated any agriculture related or unrelated messages on the

groups. The rates are calculated by dividing the participation metric by number of total messages

sent in a week to a group.
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Table 4: Differences in Using Whatsapp for Agriculture at Endline

(1) (2)
Only Virtual 0.521∗∗∗ 0.528∗∗∗

(0.07) (0.07)
Virtual + In-person 0.599∗∗∗ 0.601∗∗∗

(0.08) (0.08)
Controls × ✓
Baseline Control Mean 0.27 0.27
N 1402 1379

This table represents data from questions of the form ”In the last crop cycle, did you use Whatsapp for agricultural
groups?”. The two columns are identical except controls are included in the second column. This data was
collected in the second and third survey waves. Relative to the control, treated farmers report using Whatsapp
more for participating in agricultural groups. Coefficients are from a regression of the dependent variable on the
post-treatment indicator, as well as village and strata fixed effects. Standard error are in parentheses, and are
clustered at the village level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Figure 9: Proportion of Farmers using Whatsapp over Time

Note: Farmers in the treated groups are more likely to use Whatsapp for agriculture. The

differences are significant between treatment and control, but not significant between the two

treatments.
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Figure 10: Whatsapp Participation Rates

Note: Overall, participation seems to decline over time for both treatments, and this decline is

almost always less in the Virtual+In-person group.

To test with whom the treated farmers were sharing information, we gathered survey data on

whether farmers were likely to discuss agriculture-related information with unknown farmers in-

person or on Whatsapp. Results are shown in Table 5. While there are no significant changes for

sharing information in-person or over Whatsapp for nearby farmers, significantly more farmers in

the only virtual treatment reported sharing information with farmers not geographically close to

them over Whatsapp. As explained in section 4, this likely entails that the in-person component in

the second treatment arm seems to have crowded out willingness to exchange information online.

It is worth noting that the coefficients for the two treatments are not significantly different from

each other.

The above table shows that treated farmers are significantly more willing to discuss agriculture

on Whatsapp with other farmers, regardless of their location. While farmers in the only virtual
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Table 5: Differences in Information Sharing Behaviour by Endline

Near Far
(1) (2) (3) (4)

In-person Whatsapp In-person Whatsapp
Only Virtual 0.033 0.165∗∗∗ 0.084∗ 0.204∗∗∗

(0.04) (0.06) (0.05) (0.05)
Virtual + In-person 0.048 0.123∗∗ 0.069 0.110∗∗

(0.04) (0.05) (0.05) (0.05)
Baseline Control Mean 0.81 0.22 0.31 0.04
N 3247 1244 3247 1244

This table represents the proportion of farmers in each treatment group willing
to exchange agricultural information with farmers from near and far villages.
The dependent variables represent answers to yes or no questions of the form
”Do you discuss agricultural issues with nearby farmers in the neighboring
village or farther farmers (within the same mandal/outside the mandal) in-
person or over Whatsapp?”. Coefficients are from a regression of the dependent
variable on the post-treatment indicator, as well as village and strata fixed
effects. The results do not change significantly when controls are added (see
Table B8). Standard error are in parentheses, and are clustered at the village
level.

group are more willing than the farmers in the in person group to share agriculture information

with farmers on Whatsapp, this difference is significant at the 10% level for distant farmers, not

for nearby farmers.

These results are consistent with self-reported Whatsapp usage for agriculture in Table 4. In any

case, these results indicate a change in perspective, or increased familiarity, for using Whatsapp as

an input in the farmer production function as in equation 3. As per the hypothesis in section 4, this

indicates that the in-person component may have crowded out online participation in the second

treatment arm, for instance, if farmers believe they can share the information in-person and need

not put the effort to share it online.

This does not tell us much about the content of information being shared. To gain a better

understanding of the content of information shared, I collected survey data on whether farmers

shared ‘tips’ to prevent crop loss with other farmers. I find that over time, treated farmers were more

open to sharing and receiving agricultural information (Fig. 11). This figure depicts the differences

in sharing behavior across treatment, these differences are significant (Table B9). It should be

noted that by design, the treated groups enabled farmers to receive (though not necessarily share)
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more information than the control groups. While the slightly higher rates of information exchange

in the only-virtual group hint towards potential substitution effects of the in-person component,

the differences between the two treatment arms is not significant.

Figure 11: Sharing/Receiving Agri. Information Over Time

Note: This graph depicts varying information exchange behavior across treatment groups over both midline and

endline waves. This data is based on questions of the form ”In the last crop cycle, did you 1) share and 2) receive

tips to prevent crop damage or other agriculture-related information with other farmers on Whatsapp, other than our

study Whatsapp group?”. Relative to the control, treated farmers report using Whatsapp more for both receiving

and sharing agricultural information.

To get an even better grip on details of text exchange, I conducted a rigorous text analysis from

the farmer Whatsapp chats as explained below.
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7.4 Text Analysis

7.4.1 Cleaning

I first exported their group chat histories of farmers who complied with the treatment, then trans-

lated them through google translate. I also converted the voice notes to text in the translation

process. Then, I converted each of the 24 translated documents to text files (with standard en-

coding UTF-8) for readability for text mining. Despite the UTF-8 coding, there were some texts

that were not readable due to spacing issues in the date, which I manually fixed. I removed all

non-author messages including Whatsapp notes on encrypted data or when a group member was

added. Using R, I was able to create a data frame of the text files, with separate columns for date,

sender and text. This allowed me to measure frequency of total messages per group, per sender,

content of the text messages send including frequency of certain words. For the total frequency

graph, I appended the chat histories (12 each) within each treatment arm and removed messages

sent by enumerators to observe only-farmer participation in the group. To eyeball each Whatsapp

conversation, I created word clouds for the most and least active groups as shown in Fig. 12.
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Figure 12: Word cloud of words used most in Whatsapp Group A1

Note: The size of the word is proportional to the frequency. For this image, the transcripts were

translated to English and then coded.

7.4.2 Frequency

Figure 13 shows daily total frequency of messages exchanged in both groups. In the Only Virtual

treatment, initial participation was higher.
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Figure 13: Daily Frequency of Texts

Note: This graph depicts daily text messages sent on each set of the 12 Whatsapp groups in each treatment.

Participation for both groups was higher at the beginning of the project.

When we split the graph by groups, we can see that the overall participation declined over time

for all groups. Meeting in-person did not seem to systematically increase participation on the

Virtual+In-Person Groups as shown in Fig. 15.
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Figure 14: Frequency of Daily Messages per Whatsapp Group (Only Virtual)
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Figure 15: Frequency of Daily Messages per Whatsapp Group (Virtual+In-person)

Note: The red lines indicate 6 monthly meetings held on different days for each group.

7.4.3 Content

I classified the group conversations into 7 main categories, namely- Agriculture, Market, Pests,

Inputs, Crop Damage, Greetings and Compliments. This does not include images or other media

shared. The following table shows how the content of information varied across both treatments:
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Table 6: Frequency of Topics Discussed

Category Freq (Only Virtual) Freq (Virtual+In-Person)
agriculture 128 127
compliments 87 41
input 86 86
crop damage 82 48
pests 36 49
market 30 222
greetings 21 9

Figure 16: Spatial Variation in Tomato Price/Kg (in Rs.)

Note: This graph depicts spatial variation in tomato prices at the endline, by treatment. Coefficients of variation are

listed at the top. Darker colors depict higher prices. The treatment with both Whatsapp and in-person intervention

has the least price dispersion at endline.
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Decomposing the content further by group, we can see that regardless of groups, markets, pests,

inputs and crop damage are topics that were consistently discussed across all groups. Additionally,

while not significantly different statistically, the higher communication about prices in the second

treatment in Table 6 reflect in a lower coefficient of variation in tomato prices among farmers in the

second treatment group. Comparing this to self-reported Whatsapp usage, it seems that farmers in

the virtual group reported to exchange more agricultural information online,whereas text analysis

reveals that there are more instances of social greeting exchanges in this arm, and more market-

relevant information in the in-person arm.

This discrepancy between self-reported data and text analysis highlights a difference in farmer

perceptions of what constitutes agricultural information exchange - sharing only agriculture-related

information with other farmers or any information as long as it is being shared in a group of farmers.
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Figure 17: Frequency of Category of Words (Only Virtual)
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Figure 18: Frequency of Category of Words (Virtual+In-person)

8 Discussion

This study aims to measure the effects of online information exchange in exogenously created

farmer Whatsapp groups in rural India. Since most of our online networks are self-selected, the

online groups in this experiment provide useful and unique insights on how information travels in

37



8 DISCUSSION

new networks when costs of sharing are negligible. I find that farmers in treated villages, when

connected online but not induced to meet each other in-person, are more likely to share informa-

tion with unknown farmers over Whatsapp. The content of information shared ranges from tips

to prevent crop loss due to weather or pest shocks, to prices, inputs and other information. While

treated farmers receive information being shared on Whatsapp, very few are willing to initiate con-

versations from their end. This can be due a gamut of factors, including literacy, digital literacy,

social status, network centrality in pre-existing networks and so on.

I also find that farmers in treated villages are more likely to invest more in their farms, by an

average of Rs. 10,000. This effect is primarily driven by tomato farmers in the region, who are

currently dealing with a new pest, Uzi, in the region. The greater farm expenditures do not seem

to translate to higher farm revenues in the short run. This effects are driven by changes in beliefs

about farmer information sharing on Whatsapp. Treated farmers are significantly more likely to

exchange agricultural information on Whatsapp. Instances of these exchanges are verified through

text analysis.

From a policy perspective, this study highlights the use of a seemingly cost effective method to deal

with information constraints in the developing world. Online networks provide opportunities to

disseminate information and facilitate learning in not just agriculture communities, but any other

realm that faces the challenges of information constraints. However, it is not just the quantity of

information shared, but also the quality that affects livelihoods. Additionally, the effects of infor-

mation sharing can take months before reflecting in behavioral change.

Further work in this study involves utilizing the Whatsapp data to get treatment effects for compli-

ers, as well as measuring spillover effects to farmers that do not own smartphones, and conducting

more heterogeneity analysis by farmers’ age and wealth quintile, and additional robustness checks.
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Appendices

A Treatment

Figure A.1: Treatment intervention

Note: Farmer chat groups were created for both treatment arms. Information posters were

presented in person to Group B, and were shared online for both groups.
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Figure A.2: In-person intervention

Figure A.3: Number of Members in each of the 24 Whatsapp groups
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Figure A.4: Distance of Villages to Madanapalle

Figure A.5: Timeline of study
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Figure A.6: Exposure to Treatment

Note: Majority of farmers on both treatments stayed on the groups for more than 200 days. This data does not

include farmers who withdrew from the survey in the midline or endline.
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Table B7: Baseline Summary Statistics

Control Treated Diff
mean sd mean sd p

Demographics
Age 47.80 11.67 47.79 11.37 0.99
Gender 0.97 0.17 0.96 0.20 0.38
Education
No educ. 0.20 0.40 0.20 0.40 0.88
Elementary 0.18 0.38 0.20 0.40 0.44
Middle School 0.47 0.50 0.46 0.50 0.65
High School and above 0.15 0.36 0.14 0.35 0.70
No. of Household members 4.72 2.15 5.06 2.21 0.02
Annual HH expenditure (in Rs. 1000) 97.96 94.73 85.33 63.27 0.01***
Annual HH income (in Rs. 1000) 79.80 75.43 76.27 77.13 0.53
Nearest phone tower (km.) 2.45 2.28 2.33 2.29 0.45
Phone Access
Phone ownership 0.97 0.18 0.94 0.24 0.06
No. of phones in HH 2.59 5.55 2.30 1.00 0.18
No. of smartphones in HH 1.39 0.94 1.36 1.00 0.63
Digital literacy score 6.41 4.95 6.72 5.29 0.50
Hours spent on smartphone
Less than 5 0.82 0.39 0.84 0.37 0.51
5-10 0.12 0.33 0.12 0.32 0.83
More than 10 0.06 0.24 0.04 0.20 0.40
Agriculture
Land owned (in Acres) 3.50 3.51 3.38 4.68 0.67
Last season’s input cost (in Rs. 1000) 123.05 121.80 100.23 111.08 0.00***
Last season’s pesticide cost (in Rs. 1000) 27.70 32.87 23.45 31.54 0.05
Last season’s crop lost to pests (in Acres) 0.27 0.58 0.21 0.48 0.046
N 322 761 1083

This table shows the differences in means across control and treated farmers. For continuous variables, a two
sample t-test is used and for categorical variables, a Pearson’s chi-squared test is used. Digital literacy score
is measured on a 0-15 scale of familiarity with the interface of digital messaging apps such as Whatsapp.
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B Results

Table B8: Differences in Information Sharing Behaviour by Endline

Near Far

(1) (2) (3) (4)

In-person Whatsapp In-person Whatsapp

Only Virtual 0.017 0.064 0.060 0.126∗∗

(0.03) (0.09) (0.06) (0.06)

Virtual + In-person -0.001 0.019 0.069 0.031

(0.03) (0.08) (0.06) (0.06)

Baseline Control Mean 0.81 0.22 0.31 0.04

N 3247 1244 3247 1244

This table represents the proportion of farmers in each treatment

group willing to exchange agricultural information with farmers

from another mandal. The dependent variables represent answers

to yes or no questions of the form ”Do you discuss agricultural is-

sues with nearby farmers (in the same or neighboring village) or

farther farmers (within the same mandal/outside the mandal) in-

person or over Whatsapp?”. Coefficients are from a regression of the

dependent variable on the post-treatment indicator, demographic

controls, as well as village and strata fixed effects. Standard error

are in parentheses, and are clustered at the village level.
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Table B9: Differences in Sharing/Receiving Agricultural Information by Treatment at Endline

(1) (2)
Sharing Receiving

Only Virtual 0.064∗∗∗ 0.140∗∗∗

0.022 0.027
Virtual + In-person 0.061∗∗∗ 0.155∗∗∗

0.020 0.029
Midline Control Mean 0.065 0.114
N 3249 3249

This table represents data from questions
of the form ”In the last crop cycle, did you
1) share and 2) receive tips to prevent crop
damage or other agriculture-related infor-
mation with other farmers on Whatsapp,
other than our study Whatsapp group?”.
This data was collected in the second and
third survey waves. Relative to the con-
trol, treated farmers report using What-
sapp more for both receiving and sharing
agricultural information. Coefficients are
from a regression of the dependent variable
on the post-treatment indicator, as well as
village and strata fixed effects. Standard
error are in parentheses, and are clustered
at the village level. ∗ p < 0.1, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

Table B10: Differences in Pest Loss by Treatment at Endline

Pooled Tomato Farmers
(1) (2)

Only Virtual 0.02 0.02
(0.02) (0.03)

Virtual + In-person 0.00 -0.02
(0.03) (0.05)

Baseline Control Mean 0.11 0.12

N 3237 1474

This table represents changes in crop lost to
pests, standardized by land ownership. Column
(2) is identical to (1) but for tomato farmers.
Both columns are in proportions of acres lost. Co-
efficients are from a regression of the dependent
variable on the post-treatment indicator, as well
as village and strata fixed effects. Standard error
are in parentheses, and are clustered at the village
level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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C Miscallaneous

Figure C.1: Growth in searches for Facebook

Note: Interest in Facebook faded over time, in contrast to Whatsapp that has steadily increased

with time.
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This script is for the enumerators to follow-up with farmers based on the extent of Whatsapp
participation. Please follow the script so that we can maintain consistency across groups.

STEP 1: Call farmers and read from the script. In case farmers do not respond by 6pm today,
follow step 2.

STEP 2: Send voice notes with the same script.

Purpose English Telugu

No Participation Namaste Anna, I am ____
speaking from TCI. We are
looking forward to getting to
know farmers like you and
are hoping you could respond
to the introduction message
in the group? If you have any
questions, please let me
know.

నమ���  అ���, ��ను TCI నుం��
_________ మ�ట�� డ�త����ను.
�ల�ంట� ���త�ల గ���ం�
�ెల�సు���ాల� ��మ�
ఎదుర�చూసు� ���మ� మ��య�
గ�� � ల� � గ���ం� ప��చయం
�ేసు��వ����� ఒక ����� ��ట�� మ�
����� దయ�ే� ������  ఇ�ా� ర�
ఆ�సు� ���మ�. �క� ఏ��ౖ��
ప�శ�ల� ఉంట�, దయ�ే�ి ��క�
�ె�యజ�యం��

Initiation/ response
(Agriculture relevant)

Namaste Anna, thank you so
much for your participation in
the group! Please feel free to
share more pictures or
information of your farming
practices so other farmers
can know and learn more.
We will also be sharing more
information with you soon!

నమ���  అ���, �ర� గ�� � ల�
�ాల�� న�ందుక� ��ల� ధన��ా��ల�!
దయ�ే�ి � వ�వ�ాయ పద�త�లక�
సంబం��ం�న మ���� �� ట�ల� ల���
సమ����ా�� పంచు��ం��, త����ా
ఇతర ���త�ల� క��� మ��ంత
�ెల�సు��వచు� మ��య� మ��ంత
��ర����వచు� . ��మ� త�రల�
��� మ��ంత సమ����ా�� క���
అం���ా� మ�.

Thank you for participation
(Agri related)

Namaste Anna, thank you so
much for your participation in
the group!

నమ���  అ���, �ర� గ�� � ల�
�ాల�� న�ందుక� ��ల� ధన��ా��ల�!

Initiation/ response (Not
relevant to Agriculture)

Namaste Anna, thank you so
much for your participation in
the group! Please feel free to
share more pictures or
information of your farming
practices so other farmers
can know and learn more.
We will also be sharing more
information with you soon!
We are using this group only
for agriculture related topics.
Thank you again for your

నమ���  అ���, �ర� గ�� � ల�
�ాల�� న�ందుక� ��ల� ధన��ా��ల�!
దయ�ే�ి � వ�వ�ాయ పద�త�లక�
సంబం��ం�న మ���� �� ట�ల� ల���
సమ����ా�� పంచు��ం��, త����ా
ఇతర ���త�ల� క��� మ��ంత
�ెల�సు��వచు� మ��య� మ��ంత
��ర����వచు� . ��మ� త�రల�
��� మ��ంత సమ����ా�� క���
అం���ా� మ�.��మ� ఈ గ�� � ను
వ�వ�ాయ సంబం��త అం�ాలక�
మ�త��� ఉప���సు� ���మ�. �

C MISCALLANEOUS

47



time! �క� సమయం ��రక� మ��
ధన��ా��ల�!

Initiation with selfies pictures Thank you ___ anna for
sharing your picture- it is
good to see you!

� ���� �� పంచుక�న�ందుక�
ధన��ా��ల� ___ అ���-
�మ��� చూడటం ఆనందం�ా
ఉం��!

For answering questions Thank you anna for asking
the question.. Can any other
group member answer this
question?

ప�శ� అ����నందుక� ధన��ా��ల�
అ���.. ఈ ప�శ�క� ఇతర గ�� �
సభ��ల�వ����� సమ���నం
�ెప�గల�ా?

Input procurement - seeds
and saplings

Thank you! Could you please
share with us and other
farmers where you get your
seeds or saplings from? And
what do you think of the
quality?

అంద���� ధన��ా��ల�! �ర� �
�త���ల� ల��� �క�ల� ఎక�డ
నుం�� �ె�ా� �� దయ�ే�ి మ���
మ��య� ఇతర ���త�ల��
పంచు��గల�ా? మ��య� �ాట�
��ణ�త గ���ం� �ర�
ఏమనుక�ంట���ర�?

Who created the group TCI Agriculture, TCI వ�వ�ాయం

Rain crop damage Hello, how are you all? Hope
you and your families are
safe during the rain storm.
Hope your crops are also not
damaged. In case you saw
crop damage, do you have
any tips to share with the
group?

హల� అన�, �రందర� ఎల�
ఉ���ర�? వర�ప� త��ాను
సమయంల� �ర� మ��య� �
క�ట�ంబ�ల� సుర��తం�ా ఉ���ర�
ఆ�సు� ���మ�. � పంటల� క���
నష��� క�డద� ఆ�సు� ���మ�.
�ర� పంట న�ా� �� చూ�ినట���ే,
�ాట�� త���ంచట���� ఏ��ౖ��
�ట��ల� ఉంట� గ�� � �ా����
పంచు��మ� ��ర�చు���మ�

Valuable info sharing Thank you so much for
sharing that useful
information Anna, it is really
helpful for our study.

ఆ ఉప�గకర���న సమ����ా��
పంచుక�న�ందుక� ��ల�
ధన��ా��ల� అ���, ఇ�� మ�
అధ�య����� �జం�ా
ఉప�గకరం�ా ఉం��

Clarifying no benefits Anna we just want to clarify
that the purpose of these
groups is to share valuable
information between farmers
to improve yield and minimize
crop damage. Unfortunately
we are not able to provide
monetary assistance as this
study is for education
purpose.

అ���, ��గ�బ���
��ర�గ�పరచ����� మ��య� పంట
న�ా� �� త���ంచ����� ���త�ల మధ�
�ల���ౖన సమ����ా��
పంచు��వడం ఈ గ�� � �క�
ఉ�ే�శమ� ��మ� స�ష�ం
�ేయ�లనుక�ంట����మ�. ��మ�
ఈ అధ�యనం �ద� ప��జనం
��సం �ే�ినందున ఎట�వంట� ఆ���క
స�యం
అం��ంచల�క�� త����మ�.
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Farmers who have used
Plantix

That’s great anna! Could you
tell us more about where you
learned how to use it? If there
are any useful links or
resources, please feel free to
share on this group for other
farmers.

��ల� మం�ం�� అ���! �ర� ����
ఎల� ఉప���ం��ల� ఎక�డ
��ర��క����� మ�క� మ��ంత
�ెప�గల�ా? ఏ�ౖె��
ఉప�గకర���న �ం� ల� ల���
వనర�ల� ఉంట�, దయ�ే�ి ఇతర
���త�ల ��సం ఈ గ�� � ల� పంచు��ం��

Introduce yourself in group B Hello! For those farmers who
were not able to join us for
the lunch this month, could
you please introduce
yourself, the crop you are
growing, and which village
you’re from?

హల�! ఈ ��లల� మ���హ�
��జ����� మ��� �ేరల�క�� �న
���త�ల�, దయ�ే�ి � గ���ం�,
�ర� పం��సు� న� పంట మ��య�
�ర� ఏ ��ా మ���� �ెం��న�ా��
�ె�యజ�యగల�ా?

Crop damage due to
unnatural calamity

Really sorry for your crop loss
Anna. This is the first time in
so many years that rain has
affected this area so badly.

� పంట న�ా� ��� ��ల� బ�ధ�ా
ఉం�� అ���. ఇ�� సంవత��ాలల�
�దట� �ా�� ఈ ��ా ంతంల� వ�ా� ల�
ఇంత �వ�ం�ా ప����తం చూ�ిం��.

If farmer thanks for creating
group

Anna it is our pleasure to get
to know you. We hope we
can share valuable
information with you and
learn from you during this
project. Thank you 

నమ���  అ��� � గ���ం�
�ెల�సు��వడం మ�క� ఆనందం�ా
ఉం��. ఈ ��ా జ��� సమయంల�
��మ� ��� �ల���ౖన
సమ����ా�� పంచు��గలమ�
మ��య� � నుం�� ��ర����గలమ�
��మ� ఆ�సు� ���మ�.
ధన��ా��ల�

To ask for youtube link
sharing to prevent crop
damage due to rain

Namaste anna, do any of you
follow any youtube channels
to prevent crop damage due
to rain? If you have any
useful videos please share
here. Thank you!

నమ���  అ���, వర�ం వల�  పంట నష�ం
జరగక�ం�� �ల� ఎవ�����
య�ట��� ������ చూ�ా� �ా?
�క� ఉప�గకర���న ����ల�
ఏ��ౖ�� ఉంట� దయ�ే�ి ఇక�డ ���
�ేయం��. ధన��ా��ల�!

Input procurement -
fertilizers/pesticides

Namaste anna, could you
please share with us and
other farmers where you get
your fertilizers and pesticides
from in this area? We can
compare prices and qualities
across villages

నమ���  అ���, �ర� ఎర�వ�ల�
మ��య� ప�ర�గ�మందుల� ఎక�డ
నుం�� �సుక�ంట��� దయ�ే�ి ఈ
గ�� � ల� మ��� మ��య� ఇతర
���త�ల�� పంచు��గల�ా? మనం
దు�ాణ�ల�� � ధరల� మ��య�
��ణ�తలను స���� ల�వచు�.

Acknowledging responses Thank you for your response
___, ___ and ___ Anna!

� ప��స�ందనక� ధన��ా��ల�
___, ___ మ��య� ___ అ���!
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Question on which mandal Namaste anna, we hope this
information is useful for you.
Can you tell us which mandal
you are from?

నమ���  అ���, ఈ సమ���రం �క�
ఉప�గకరం�ా ఉంట�ంద� ��మ�
ఆ�సు� ���మ�. �ర� ఏ
మండల���� �ెం��న �ా�� అంద����
�ెప�గల�ా?

Tips for Oozi 1 Namaste anna- do you have
any tips to share for
prevention of Oozi insect?

నమ���  అన�- ఊ� ఈగ ��ారణక�
ఏ��ౖ�� �ట��ల� ఉ���య�? ఉంట�
ఈ గ�� � ల� ఉం�ే ఇతర ���త�ల��
పంచుక�ంట��ా?

Tips for Uzi 2 Namaste anna... we heard
from some of you how bad
the effects of Oozi pest are.
Does anyone know the
scientific name of the fly? Or
any tips to control it

నమ���  అ���... ఊ� ఈగ �ెగ�ళ��
ఎంత ��ర�ణం�ా ఉంట�ం�ో  �ల�
��ంద�� ����ా ����ం. ఊ� ఈగ
�ా�ీ� �య ��మం/��ర� ఎవ�������
�ెల��ా? ���� �యం��ంచ�����
ఏ��ౖ�� �ట��ల� �ె�ా� �ా?

Tips for food loss Namaste anna, unfortunately
many farmers lose a lot of
tomato yield due to price
fluctuations. Do you have any
tips on how to prevent this
food loss?

నమ���  అ���, దురదృష�వ�ాత��
��ల� మం�� ���త�ల� ధరల
��చు�తగ�� ల �ారణం�ా ��ల�
ట�ట� ��గ�బ��� ��ల��త����ర�.
ఈ ఆ�ర న�ా� �� అ��కట������
�క� ఏ��ౖ�� �ట��ల� �ెల��ా?

Tips for harvesting Namaste anna, do you have
any suggestions to share with
fellow farmers on how to
harvest tomato crop?

నమ���  అ���, ఈ ��ల �ట�ం� �� ,
�ర� ప��ే�కం�ా ట�ట�ల�
��యడం మ��య� పంట ��యడం
గ���ం� ఏ�ౖె�� సమ����ా��
�ెల�సు���ాలనుక�ంట�����ా?

Tips for heat prevention Namaste anna, in this hot
weather, do you have any tips
on how to prevent crops from
heat damage?

నమ���  అ���, ఈ ����
�ా��వరణంల�, �����ాల�ల నుం��
పంటలను ఎల� �����ం��ల� �క�
ఏ����� �ట��ల� �ె����   పంచు��ం��

Reply for farmer asking for
pest diagnosis

Namaste anna, please send
this picture to the Plantix
Plant doctor Whatsapp
number at : 7876171002.
They should answer your
question within a few
seconds. If you have any
problem accessing it please
let us know.
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