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Abstract

We examine the role of management in agricultural productivity, by evaluating a mobile-phone based

agricultural advice service provided to farmers in India. Demand for advice is high; and advice changes

practices, increasing yields in cumin (28%) and cotton (8.6%, for a sub-group receiving reminders). Informa-

tion spreads, as non-treated farmers with more treated peers change practices and lose less to pest attacks.

Though willingness to pay for the service is low, the value of the information externality exceeds the subsidy

that would be necessary to operate the service. We estimate each dollar spent on the service yields a $10

private return.
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1 Introduction

Agricultural productivity varies dramatically around the world. For example, India is the

second largest producer of cotton in the world, after China. Yet, Indian cotton productivity

ranks 78th in the world, with yields only one-third as large as those in China. While credit

constraints, missing insurance markets, and poor infrastructure may account for some of this

disparity, a variety of observers have pointed out the possibility that suboptimal agricultural

practices may also be to blame (Jack, 2011).

This is not a novel idea. For decades, the Government of India, like most governments

in the developing world, has operated a system of agricultural extension, intended to spread

information on new agricultural practices and technologies, through a large work force of

public extension agents. However, evidence of the e�cacy of these extension services is

quite limited. In India, dispersed rural populations, monitoring di�culties and a lack of

accountability hamper the e�cacy of traditional extension systems: fewer than 6% of the

agricultural population reports having received information from these services.1

This paper examines whether the introduction of a low-cost information and communi-

cations technology (ICT), able to deliver timely, relevant, and actionable information and

advice to farmers at dramatically lower cost than any traditional service can improve agri-

cultural management. We evaluate Avaaj Otalo (AO), a mobile phone-based technology

that allows farmers to call a hotline, ask questions and receive responses from agricultural

scientists and local extension workers. Callers can also listen to answers to questions posed

by other farmers.

Working with the Development Support Centre (DSC), an NGO with extensive experi-

ence in delivering agricultural extension, the research team randomly assigned toll-free access

to AO to 800 households; half of this group was o↵ered an annual traditional extension ses-

sion to complement the AO service; a further 400 households served as a control group. The

households were spread across 40 villages in Surendranagar district in Gujarat, India, and

randomization occurred at the household level.

The AO service also included weekly push content, delivering time-sensitive informa-

tion such as weather forecasts and pest planning strategies directly to farmers. This paper

presents the results using three rounds of household surveys: a baseline, a midline one year

later, and an endline two years after the study began. To capture information spillovers, all

respondents at baseline were asked to identify individuals with whom they discussed farming:

1This estimate is from the 59th round of the National Sample Survey (NSS) and asks farmers about
their information sources for ‘modern agricultural technologies’. See Glendenning et al., 2010 for a detailed
discussion of this data.
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we surveyed this peer group by phone in May-November of 2012.

Demand for agricultural information is substantial: more than 80% of the treatment

group called into the AO line over two years. The average treatment respondent made

20 calls and used the service for more than 2.5 hours. We show that AO had a range of

important, positive e↵ects on farmer behavior. It significantly changed farmers’ sources

of information for sowing and input-related decisions. In particular, farmers relied less on

commissions-motivated agricultural input dealers for pesticide advice and less on their prior

experience for fertilizer-related decisions. Instead, farmers dramatically increase their usage

of and trust in mobile phone-based information across a number of agricultural decisions.

Importantly, treated farmers were significantly more likely to adopt agricultural practices

and inputs recommended by the service. These inputs choices include recommended seed

varieties, fertilizers, pesticides and irrigation practices. While yields are often di�cult to

measure, we do find evidence of improvements here as well: treatment e↵ects up to 8.6%

higher for cotton, and 28.0% higher for cumin.

Our treatment also induces variation in information available in social networks, allowing

us to estimate peer e↵ects. We find that individuals with more treated peers (social network

members) plant more cumin and report lower pest-related cotton losses. In addition, treated

respondents with treated peers are more likely to adopt pest management recommendations

for cotton.

Following the endline, we conduct a series of willingness to pay experiments to estimate

demand for AO. Average willingness to pay for a 9-month AO subscription across multiple

price elicitation methods is roughly $2, compared to a cost of provision of for the same period

of $7. This implies a $12 subsidy per farmer to run the service over two years. In support

of such a subsidy, we estimate that each dollar invested in AO generates a return of more

than $10, with the return for a two-year subscription at more than $200. Moreover, we find

that a conservative estimate of the positive externality created by a treated farmer is more

than 2 times the subsidy needed to cover operational costs.

First, this paper contributes to an understanding of the mechanisms underlying the

dramatic variation in the productivity of firms and farms in developing countries, and the

role of management practices in improving productivity. These large productivity di↵erences

have in part motivated the recent literature on non-aggregative growth (Banerjee and Duflo,

2005; Hsieh and Klenow, 2009). While a large literature focuses on the microeconomics of

technology adoption (for a survey, see Foster and Rosenzweig, 2010), we instead focus on

whether a consulting-like service can facilitate improved production practices. (Duflo et al.,

2011.) Our treatments di↵er from much previous work in this space in that participants

receive a continuous flow of demand-oriented information, rather than a one-o↵ provision of
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supply-driven information. See McKenzie and Woodru↵, 2012 for a discussion of training

and consulting evidence for small firms in developing countries.

More specifically, this paper advances the literature on the e�cacy of agricultural exten-

sion (Feder et al., 1987; Gandhi et al., 2009; Duflo et al., 2011). The existing literature finds

mixed evidence of e�cacy, though it is not clear whether this is due to variation in programs

o↵ered, or methodological challenges associated with evaluating programs without plausibly

exogenous variation (Birkhaeuser et al., 1991). This paper complements recent evidence on

the historical e�cacy of agricultural extension in promoting the adoption of new agricul-

tural technologies in India (Bardhan and Mookherjee, 2011), and provides guidance as to

lower-cost solutions for delivering advice. To our knowledge, our study is the first rigorous

evaluation of mobile phone-based extension and, more generally, the first evaluation of a

demand-driven extension service delivered by any means. BenYishay and Mobarak (2013)

compare the impact of incentivized extension agents to non-incentivized extension agents in

Malawi.

We demonstrate that informational ine�ciencies are real and farmers are aware they

lack information: there is considerable demand for high-quality agricultural information2.

Perhaps most importantly, we demonstrate that ICTs can lead to productivity gains in an

industry that is both important–agriculture in the primary activity of the 47% of the world

living in rural areas–and historically virtually unreliant on ICTs. Our results complement

recent work that measures productivity-enhanancement from ICTs in developed countries

(Draca et al., 2006).

We provide some evidence of the existence of a “digital divide,” as richer individuals

are more likely to use the service and adopt recommended practices for cotton cultivation.

This is true even though the treatment group is relatively homogeneous, and even though

the technology was delivered for free, and specifically designed to be accessible to a poor,

illiterate population.

Finally, we make a methodological and an empirical contribution related to measuring

demand and understanding welfare among di↵erent price regimes. First, we measure will-

ingness to pay, using two di↵erent methodologies, in a real-world setting, providing one of

the first large-scale, high-stakes demonstrations that the Becker-DeGroot-Marschak (BDM)

mechanism can be e↵ective. Second, using the demand curve estimated with the BDM

method, we find that a 91% subsidy induces nearly 20 times the social benefit as pricing

just above marginal cost. This latter finding supports the role of subsidies in promoting the

adoption of an agricultural technology in a manner similar to Cohen et al. (2010).

2Informational ine�ciencies in the context of technology adoption have been defined as a situation in
which farmers may not be aware of new agricultural technologies, or how they should be utilized (Jack,
2011)
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This paper is organized as follows. The next section provides context and the details of

the AO intervention. Section 3 presents the experimental design and the empirical strategy,

while Section 4 presents the results from the two years of survey data. Following this, Section

5 considers threats to the validity of the results, and Section 6 concludes.

2 Context and Intervention Description

2.1 Agricultural Extension

According to the World Bank, there are more than 1 million agricultural extension workers

in developing countries, and public agencies have spent over $10 billion dollars on pub-

lic extension programs in the past five decades (Feder, 2005). The traditional extension

model, “Training and Visit” extension, has been promoted by the World Bank through-

out the developing world and is generally characterized by government-employed extension

agents visiting farmers individually or in groups to demonstrate agricultural best practices

(Anderson and Birner, 2007). Like many developing countries, India has a system of local

agricultural research universities and district level extension centers, producing a wealth of

specific knowledge. In 2010, the Government of India spent $300 million on agricultural

research, and a further $60 million on public extension programs (RBI, 2010).

Yet, traditional extension faces several important challenges that limit its e�cacy.

Spatial Dimension: Limited transportation infrastructure in rural areas and the high costs of

delivering information in person greatly limit the reach of extension programs. The problem

is particularly acute in interior villages in India, where farmers often live in houses adjacent

to their plots during the agricultural cycle, creating a barrier to both the delivery and receipt

of information.

Temporal Dimension: As agricultural extension is rarely provided to farmers on a re-

curring basis, the inability of farmers to follow-up on information delivered may limit their

willingness to adopt new technologies. Infrequent and irregular meetings limit the ability to

provide timely information, such as how to adapt to inclement weather or unfamiliar pest

infestations.

Institutional Rigidities : In the developing world, government service providers often face

institutional di�culties. The reliance on extension agents to deliver in-person information is

subject to general monitoring problems in a principal-agent framework (Anderson and Feder,

2007). For example, monthly performance quotas lead agents to target the easiest-to-reach

farmers, and rarely exceed targets. Political capture may also lead agents to focus outreach

on groups a�liated with the local government, rather than to marginalized groups for whom
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the incremental benefit may be higher. Even when an extension agent reaches farmers, the

information delivered must be locally relevant, and delivered in a manner that is accessible

to farmers with low levels of literacy.

The importance of these constraints is di�cult to overstate (Birkhaeuser et al., 1991;

Saito and Weidemann, 1990.) A recent nationally representative survey shows that just 5.7%

of farmers report receiving information about modern agricultural technologies from public

extension agents in India (Glendenning et al., 2010.) This failure is only partly attributable

to the misaligned incentives of agricultural extension workers; more fundamentally, it is

attributable to the high cost of reaching farmers in interior rural areas.

Finally, a potential problem is that information provision to farmers is often “top-down.”

This may result in an inadequate diagnosis of the di�culties currently facing farmers, as well

as information that is often too technical for semi-literate farming populations. This problem

may a↵ect adoption of new technologies as well as optimal use of current technologies.

In the absence of expert advice, farmers seek out agricultural information through word

of mouth, generic broadcast programming, or agricultural input dealers, who may be poorly

informed or face incentives to recommend the wrong product or excessive dosage (Anderson

and Birner, 2007).3

These di�culties combine to limit the reliable flow of information from agricultural re-

search universities to farmers, and may limit their awareness of and willingness to adopt

new agricultural technologies. Overcoming these “informational ine�ciencies” may there-

fore dramatically improve agricultural productivity and farmer welfare. The emergence of

mobile phone networks and the rapid growth of mobile phone ownership across South Asia

and Sub-Saharan Africa has opened up the possibility of using a completely di↵erent model

in delivering agricultural extension services.

2.2 Avaaj Otalo: Mobile Phone-Based Extension

Roughly 50% of the Indian labor force, or 250 million people, are engaged in agriculture. As

approximately 48% own a mobile phone (as of 2015), mobile phone-based extension could

serve as many as 120 million farmers nationally 4. Mobile phone access has fundamentally

3An audit study of 36 input dealerships in a block near our study site provides a measure of the quality
of advice provided by commissions-motivated input dealers. The findings suggest that the information
provided is rarely customized to specific pest management problems of the farmer, and often takes the form
of ine↵ective pesticides that were traditionally useful, but are no longer e↵ective against the dominant class
of pests that a✏ict cotton cultivation.

4These figures are calculated using the Annual Report of the Telecom Regulatory Authority of India
(India, 2015) and the World Bank Development Indicators (Group, 2012). The WDI estimates the rural
population of India at 876 million while the TRAI estimates the number of subscriptions in rural India at
423 million. In addition the WDI estimate that 50% of the workforce are engaged in agriculture of a total
workforce of 497 million
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changed the way people communicate with each other, and has increased information flows

across the country’s diverse geographic areas. As coverage continues to expand in rural areas,

mobile phones carry enormous promise as a means for delivering extension to the country’s

numerous small and marginal farmers (Aker, 2011).

Our intervention utilizes an innovative information technology service, Avaaj Otalo (AO).

AO uses an open-source platform to deliver information by phone. Information can be

delivered to and shared by farmers. Farmers receive weekly push-content, which includes

detailed agricultural information on weather and crop conditions that are delivered through

an automated voice message.

Farmers can also call into a toll-free hotline that connects them to the AO platform and

ask questions on a variety of agricultural topics of interest to them. Sta↵ agronomists at the

Development Support Centre (DSC) – our field partner – with experience in local agricultural

practices receive these requests and deliver customized advice to these farmers, via recorded

voice messages. Farmers may also listen and respond to the questions their peers ask on the

AO platform, which is moderated by DSC. The AO interface features a touch-tone navigation

system with local language prompts, developed specifically for ease of use by semi-literate

farmers. The platform, which has now been deployed in a range of domains, was initially

developed as part of a Berkeley-Stanford research project on human-computer interaction,

in cooperation with the DSC in rural Gujarat (Patel et al., 2010).

Mobile phone-based extension allows us to tackle many problems associated with tra-

ditional extension. AO has the capability to reach millions of previously excluded farmers

at a virtually negligible marginal cost. Farmers in isolated villages can request and receive

information from AO at any point during the agricultural season, something they are typi-

cally unable to do under traditional extension. Farmers receive calls with potentially useful

agricultural information on their mobile phones, and need not leave their fields to access the

information. In case a farmer misses a call, she can call back and listen to that information

on the main line. AO thus largely solves the spatial problems of extension delivery discussed

earlier.

A considerable innovation of AO is tackling the temporal problem of extension delivery.

The agricultural cycle can be subject to unanticipated shocks such as weather irregularities

and pest attacks, both of which require swift responses to minimize damage to a standing

crop. Because farmers can call in and ask questions as frequently as they want, they can

get updated and timely information on how to deal with these unanticipated shocks. This

functionality may increase the risk-bearing capacity of farmers by empowering them with

access to consistent and quality advice.

With respect to problems of an institutional nature mentioned earlier, AO facilitates
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precise and low-cost monitoring. The computer platform allows easy audits of answers that

sta↵ agronomists o↵er, greatly limiting the agency problem. Additionally, the AO system

allows for demand-driven extension, increasing the likelihood that the information is relevant

and useful to farmers. Push-content is developed by polling a random set of farmers each

week to elicit a representative set of concerns. In addition to this polling, the questions asked

by calling into AO also provide the information provider a sense of farmers’ contemporaneous

concerns. This practice of demand-oriented information provision should improve both the

allocation and the likelihood of utilization of the information.

However, while AO overcomes many of the challenges of traditional extension, it elim-

inates in-person demonstrations, which may be a particularly e↵ective way of conveying

information about agricultural practices. As discussed in the following section, our study

design allows us to estimate the extent to which in-person extension serves as a complement

to AO-based extension, by providing a subset of farmers with both traditional extension

administered through sta↵ at DSC and toll-free access to AO.

3 Experimental Design & Empirical Strategy

Two administrative blocks5, Chotila and Sayla, in the Surendranagar district of Gujarat

were chosen as the site of the study, as our field partner, DSC, had done work in the area.

Farmers lists, consisting of all households which expressed willingness to participate, grew

cotton, and owned a mobile phone, were created in 40 villages, and served as our sampling

frame.

A sample of 1,200 respondents was selected at random from this pool, with 30 households

in each village participating in the study. Figure 1 summarizes the experimental design used

in this study. Treatments were randomly assigned at the household-level using a scratch-card

lottery. The sample was split into three equal groups. The first treatment group (hereafter,

AOE) received toll-free access to AO in addition to traditional extension. The traditional

extension component consisted of a single session each year lasting roughly two-and-a-half

hours on DSC premises in Surendranagar. The second treatment group (hereafter, AO)

received toll-free access to AO, but no o↵er of traditional agricultural extension, and the final

set of households served as the control group. In addition, among the two treatment groups

(AO and AOE), 500 were randomly selected to receive bi-weekly reminder calls (hereafter,

reminder group) to use the service while the remaining 300 did not.

Figure 2 provides a timeline for the study. Baseline data was collected in June and July,

5A block is an administrative unit below the district level
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2011, and a phone survey consisting of 798 respondents was completed in November 2011.6

The midline survey was completed by August 2012, and the endline survey was completed

by August 2013.

To gauge balance and describe our first stage, we compute a simple di↵erence specification

of the form:

yiv = ↵v + �1 Treativ + "i (1)

where, ↵v is a village fixed e↵ect, Treativ is an indicator variable that takes on the value 1

for an individual, i, in village v assigned to a treatment group and 0 for an individual assigned

to the control group. We report robust standard errors below the coe�cient estimates.

Because of random assignment, the causal e↵ect of the intervention can be gauged by

computing a standard di↵erence-in-di↵erence specification:

yivt = ↵v + �1 Treativ + �2 Postt + �3 (Treat ⇤ Post)ivt + "i (2)

where, ↵v and Treativ are as above, Postt is an indicator variable that takes on a value

of 1 if the observation was collected at the endline (or the midline) 0 otherwise, and (Treat⇤
Post)ivt is the interaction of the preceding two terms.

In addition, we explore heterogeneity in the treatment e↵ect by interacting the di↵erence-

in-di↵erence specification in Equation (2) with a dummy variable capturing the heterogeneity

of interest:

yivt = ↵v + �1 Treativ + �2 I(Xiv > Median) + �3 Treativ ⇤ I(Xiv > Median)

+�4 Treativ ⇤ Postt + �5 I(Xiv > Median) ⇤ Postt

+�6 Treativ ⇤ I(Xiv > Median) ⇤ Postt + "ivt (3)

where, Xiv is the variable across which we explore heterogeneity in treatment e↵ects, and

I(Xiv > Median) a dummy equal to one when the observation is above the median level of

Xiv.

While dramatically increasing statistical power, the decision to randomize at the house-

hold rather than village level raises the possibility that the control group may also have

6The previous version of this paper (Cole and Fernando, 2012) analyzed treatment e↵ects using results
from this phone survey.
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access to information through our treatment group. This suggests that any treatment e↵ects

may in fact underestimate the value of the service.7 Our design asked farmers at baseline

to identify peers–to measure spillovers, we subsequently collect information on 1523 peers of

study respondents using a phone survey in March 2012 and November 2012, hereafter the

‘peer survey’.8 This data allows us to estimate whether the treatment also influences the

outcomes of individuals in our study respondents’ social networks. We estimate the extent

of such peer e↵ects or information spillovers with the following specification:

yiv = ↵v + �(
# References in Treatment

# References

)iv +
7X

i=2

I(# References = i)iv + "iv (4)

where, ↵v is as above,
P7

i=2 I(# References = i)iv is a fixed e↵ect for the number of

peers who cite a respondent as a top agricultural contact and (# References in Treatment
# References )iv is

the fraction of these respondents who are assigned to treatment.

We did not prepare a pre-analysis plan prior to undertaking the study. This was in part

due to the dynamic nature of the treatment: the service responded to farmer questions, and

ex-ante, it was not always clear which subjects farmers would inquire about. We address

concerns about multiple inference in two ways. First, we use the content generated by farmers,

and by our agronomist, as a broad guide for conducting empirical analysis.9 Second, we

aggregate agricultural practices into indices, following, for example, Kling et al. (2007).

To construct indices, we do the following. The agronomist in our study, Tarun Pokiya,

characterized the full set of agricultural practices that were recommended by the service.

We then aggregate all variables corresponding to recommended practices by calculating a

z-score for each component and then take the average z-score across components. Each

component z-score is computed relative to the control group mean and standard deviation

at baseline. We have compared this to the method that uses ‘seemingly unrelated regression’

which gives slightly di↵erent standard errors and identical point estimates but is virtually

indistinguishable from this method as suggested by Kling et al. (2007).

7In order to control for spillovers, we estimated the main di↵erence-in-di↵erences specification with con-
trols for the fraction of a respondent’s social network that was also a part of the study and the fraction that
was assigned to treatment. These controls leave the main estimates largely unchanged.

8At baseline, we asked all respondents to list the three contacts with whom they most frequently discussed
agricultural information and collected their phone numbers. The ‘peer survey’ collected information from all
these contacts. Note, some of these 1523 peers may themselves be study respondents. The analysis largely
focuses on 1114 non-study peers

9See Appendix Table A1 for details of questions asked by farmers on the AO service and push content
provided.
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3.1 Summary Statistics and Balance

In this section we assess balance between the ‘combined treatment’ group (AO + AOE) and

the control group and the subset of the treatment group that receives reminder calls, referred

to as the ‘reminder’ group, and the control group. We do not find many di↵erences in the

separate treatment e↵ects of the AO and AOE groups and the interaction of these treatments

with reminder calls; the exposition of our paper therefore focuses on the ‘combined treatment’

group, as well a the ‘reminder’ group.10

Table 1 contains summary statistics for age, education, income and cultivation patterns

for respondents in the study, using data from a baseline paper survey conducted in July and

August of 2011. Column (1) reports the mean and standard deviation for the control group,

column (2) tests the initial randomization balance between the combined treatment group

and the control group. Finally, column (3) tests the balance between the reminder group

and the control group.

We see that respondents are on average 46 years old and have approximately 4 years

of education. Columns (2) and (3) show that the randomization was largely successful for

both treatment groups across demographic characteristics (Panel B) and indices capturing

information sources, crop-specific and general input use (Panel C). However, an imbalance

exists in the area of cotton planted between the treatment groups and the control group in

2010 but not in 2011 (both periods are prior to treatment).11 The combined treatment group

is also more likely to grow wheat, but this crop is mostly grown for home consumption in

this context.

As cotton is the most important crop in our sample, we take a conservative approach to

the possibility that baseline cotton levels a↵ect subsequent outcomes and include as controls

the area of cotton cultivated in 2010 and its interaction with the ‘Post’ term in both the

di↵erence-in-di↵erence specification (equation (2)), the heterogeneous e↵ects specification

(equation (3)) and peer e↵ects specification (equation (4)).12

10Appendix A2 tests the balance for the AO and AOE group, while Appendix A3 reports treatment e↵ects
separately for the AO and the AOE group.

11Note, the 2011 figures for wheat and cumin are not reported as they are grown during the Rabi season
after the treatment was administered.

12Appendix Table A4 provides a more systematic treatment of balance in our sample. We look for sig-
nificant di↵erences in baseline characteristics between the combined treatment group and control, and the
reminder group and control respondents. Among the di↵erences computed using the latter specification
(examining all 2,295 baseline variables) we find that 0.7% are significantly di↵erence from zero at the 1%
level, 4.4% are di↵erent at the 5% level of significance and 9.5% at the 10% level. These results confirm
that the randomization was successful, and that the cotton imbalance is a result of chance rather than any
systematic mistake in the randomization mechanism.
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4 Experimental Results

Cole and Fernando, 2012 describe initial di↵erences measured seven months after the imple-

mentation of AO. After seven months, take-up among the treated group was high, and

we measured several important changes in agricultural behavior: farmers changed their

information-gathering activity, relying less on peers and more on mobile phone-based ad-

vice; treatment farmers were more likely to adopt more e↵ective pesticides, and reduce

expenditure on hazardous, ine↵ective pesticides; and treated farmers were more likely to

grow cumin. A short-coming of the early evidence was that it was based on interviews, con-

ducted by telephone, of only a sub-sample of study participants. In the sections below, we

describe results after treatment households had been o↵ered the service for two full years

primarily using the di↵erence-in-di↵erences specification in Equation (2).

4.1 First Stage: Take-Up and Usage of AO

Table 2 reports information on take-up and usage (first stage). While control respondents

were not barred from AO usage, only four control respondents called into the AO line by

the midline and a further 25 had called in after two years. As a result, virtually all AO

usage is accounted for by respondents in the treatment group. As of August 2013, two years

after commencement of the service, 88% of the treatment group had called into the AO line,

making an average of 22 calls. This represents a substantial increase from the midline, where

65% of the combined treatment group called in, making an average of 9 calls. The mean

usage for treatment respondents is over 2.5 hours, as compared to 1.3 hours at midline. On

average, treatment respondents have listened to 53% of total push call content (54% of total

push call content was the average at the midline). By the endline, the average number of

questions asked by the treatment group is 1.7, with 9% of the treatment group responding

to a question. Further, columns 4 (midline) and 8 (endline) show that the reminder group

had used the service almost an hour more on average, but were not statistically more likely

to call into the line.

Taken together the results represent substantial induced usage for treatment farmers,

although one-fifth of the treatment group did not use the service. Additionally, these average

e↵ects also mask important temporal patterns shown in Figure 3 which reports average AO

use by month. We see that there was substantial usage across treatment arms during the

first six months after the intervention was administered. Following this period, usage has

been trending down, but with important spikes during sowing times and harvest time. This

figure is suggestive of AO users acquiring a stock of knowledge and supplementing thereafter

with dynamic information needs throughout the season.
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Appendix Table A1 provides a categorization of the questions asked by treatment re-

spondents during the two years of service. (The categories are not mutually exclusive.)

Unsurprisingly, columns 3 and 4 show that most questions (50%) relate to cotton, and a

majority (54%) focus on pest management and these numbers are relatively stable across

both years. Table A1 also reports information on the content of push calls (columns 5-8),

which tended to provide more information on cumin and wheat cultivation than incoming

questions and were the primary source for weather information.

4.2 Impact on Sources of Information for Agricultural Decisions

Panel A of Table 3 examines the use of mobile phone based information in agricultural

decision-making, and measured trust (on a scale of 1-10) of information provided by mobile

phones. By the endline, treatment farmers are 70 percent more likely to report using mobile

phone-based information to make agricultural decisions. The treatment e↵ect on reported

level of trust in mobile phone-based information is also dramatically higher: approximately

6.27 points greater on a 10-point scale. An index aggregating the importance of mobile

phone based information (analysis of the topics comprising this index follows immediately

below) for all subject areas is 1.26 standard deviations higher in the treatment group.

We asked farmers for their most important source of information for a series of agricultural

decisions. The survey responses are recorded as free text, without prompting, and coded

into categories by our data entry teams. We present results across a variety of subject

areas. Panel B of Table 3 shows that the treatment group consistently reports using mobile

phone-based information across a series of agricultural decisions. By the endline, large e↵ect

sizes can be seen in the case of pest management (24.3%) and smaller e↵ects in the case of

fertilizer decisions (10%) and crop planning (5.6%).

Other than input-related decisions, mobile phone information is used increasingly by the

treatment group for other topics such as weather (36.8%). Importantly, we do not find any

e↵ect of our treatment on the use of mobile phones for price information. The AO service

never provided price information. This helps address the concern that social desirability bias

may be contributing to our results. Additionally, across virtually all agricultural decisions,

we do not observe statistically or economically significant di↵erences between the combined

treatment group and the reminder group.

Appendix A5 provides more disaggregated e↵ects on sources of information. As suggested

by the index of information sources, we observe across the board increases in the use of

mobile phone-based information. The treatment group reports using information from input

dealers less often in making pesticide decisions (-7.2% at midline), although, interestingly,

they report consulting input dealers more often in the case of cotton fertilizer use (5%)
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and cumin planting (3.7%) at the endline. There are also reported reductions in the use of

information from ‘other farmers’ and ‘past experience’. The reduction in reliance on past

experience for cumin fertilizers is significant at the midline.

Taken together, these results suggest that AO has been successful in establishing itself as a

source of information for treatment respondents in making a variety of important agricultural

decisions. These results also suggest that demand exists for agricultural information in rural

Gujarat and that this information is not currently being provided via mobile phone. In the

next sections we look at whether the provision of information through AO a↵ected input use

and agricultural productivity more broadly.13

4.3 Overall Impact on Input Adoption

A number of input choices influence agricultural productivity. Cotton is the main cash crop

grown in our sample – grown by 98.4% of the sample at baseline – and chemical inputs

such as pesticides and fertilizers greatly a↵ect cotton yields.14 In addition, Bt cotton is the

dominant variety of cotton grown in this context – although there are literally hundreds of

sub-varieties and brands which pose other di�culties – and yields are particularly sensitive

to regular irrigation.

Panel A of Table 4 shows that total input expenditure is not significantly di↵erent between

the combined treatment group and the control group at either the midline or the endline.

However, we observe that expenditure on irrigation is twice as high for the combined treat-

ment group and the reminder group at the midline (significant at the 1% level). Similarly,

by the endline, irrigation is 60% higher in the combined treatment group (t-statistic = 1.64)

and 80% higher in the reminder group (significant at the 5% level).15 Irrigation was not a

leading topic for our service (we received 21 questions about it, and covered it in five push

calls), it is possible that farmers felt more confident spending resources on irrigation if they

believed other risks would be easier to address because of the information service.

Panel B of Table 4 shows that the treatment group consistently adopted more cotton-

related inputs and practices suggested by the service (0.05-0.07 standard deviation units).

These input decisions include recommended seed varieties, pesticides, fertilizers and irriga-

13Appendix A2 provides even more detail on changes in sources of information. Across a number of agricul-
tural decisions, farmers tend to rely heavily on other farmers, with input shops being particularly important
for pesticide decisions. Notably unimportant are government extension services, virtually unmentioned by
farmers as a source of information.

14In 2006-2007, 87% of all land under cotton in India was treated with pesticide. In contrast, this figure
is just 51% for paddy and 12% for wheat. Calculations by author (Agricultural Census of India, 2006).

15Panel B of Appendix Table A6 reports a detailed breakdown of changes in input costs. In addition to
changes in irrigation costs, we observe changes in expenditure on seeds, but these changes are not significant
at traditional levels (t-statistic = 1.4).
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tion practices. While the treatment e↵ects on the overall wheat and cumin indices are not

significantly di↵erent from zero, the point estimates are qualitatively consistent.16

4.4 Impact on Seed Selection

The presence of a wide variety of cotton seeds, some counterfeit, makes seed selection a

particularly important decision. In Uganda, Bold et al. (2015) demonstrate that low quality

inputs dramatically depress returns to hybrid seeds. In Panel C of Table 4, we observe

that the index of cotton seed-related decisions is consistently higher (0.046-0.051 standard

deviation units) in the combined treatment group and the reminder group at midline and is

statistically significant at the 10% level.

An inventory analysis in Sayla and Chotila following conclusion of the study verified

that many of the products we recommended were indeed commonly stocked by local input

dealers. For example, we find treatment farmers purchased 0.08 kg more of Ganga Kaveri,

a brand we recommended, relative to control groups.

4.5 Pest Management Practices

In Panel D of Table 4, we examine the treatment e↵ect on pest management practices. The

index which includes all pest management practices is 0.08 standard deviation units higher in

the reminder group at the endline. This e↵ect was not significant for the combined treatment

group, but all estimated coe�cients move in the same direction.

Examining the sub-components of the index (see Appendix Table A7), there are no

statistically significant results for pesticide purchase and usage for the treatment group,

once again in contrast to the simple di↵erence estimates 7 months after the intervention has

been administered in Cole and Fernando (2012). This early version of the paper reported a

simple di↵erence in the use of imidachlorprid but subsequent di↵erence-in-di↵erence analysis

in this paper revealed this e↵ect was driven by baseline imbalance.17

We do observe a 2.4% increase (2.1% in the midline) in the fraction of treatment respon-

dents using tricoderma, a biological method of pest control, relative to the control group.

The AO service provided extensive information in both Kharif and Rabi on the use of Tri-

coderma, as a means of preventing wilt disease in cotton and cumin.

16The standard errors also suggest that the experiment may be underpowered to detect e↵ects for cumin
(grown by just 34% of the sample), while wheat cultivation involves substantially fewer chemical inputs and
is primarily produced for home consumption.

17While total money spent on acetamaprid increases, this number is only significant for the AOE group
(an increase of Rs. 80, not reported). Similarly, while total spent on monocrotophos decreases, the only
statistically significant result is among the AOE treatment group (a decrease of Rs. 60, not reported).
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4.6 Fertilizers

In Panel E of Table 4, we examine fertilizer practices. The index of cotton fertilizer practices

is 0.07 standard deviation units higher among the combined treatment group in the endline,

as compared to 0.10 standard deviation units in the midline. The index is similarly higher

for the reminder group at both the midline and the endline, but the point estimates are not

statistically significant.

The disaggregated results (reported in Appendix Table A7) indicate farmers are pur-

chasing more of the fertilizer our service recommended. In particular, we observe a 5.7%

(4.5%) increase in purchases of ammonium sulfate at the midline (endline), and an increase

of 5.5% in NPK Grade 1 fertilizer at endline. To put these e↵ect sizes into perspective, Duflo

et al. (2011) find an increase of 16-20% in fertilizer adoption in Kenya using free delivery of

planting and top-dressing fertilizer, while BenYishay and Mobarak (2013) find increases of

2.2-5.5% across treatments in pit planting and 0-19% across treatments for composting in a

study using in-person physical extension.

4.7 Sowing and Productivity

In Table 5 we examine sowing choices and agricultural productivity. We do not observe any

e↵ect of the treatments on the frequency of cultivation or area planted of cotton, cumin or

wheat.

Panel B shows that cotton yields are consistently higher for the treatment group and

the reminder group at the midline and the endline. However, this e↵ect is only significant

for the reminder group at the midline (increase of 60 kg per acre, or 8.6% higher than the

control mean). Additionally, we see that yield for cumin is about 48 kilograms per acre

higher at endline (28% higher than the control mean) among the treatment group and 54

kilograms per acre higher for the reminder group (31.4% higher than the control mean) and

statistically significant at the 5%-level. These results are robust to winsorizing (p=0.25).18

As in the case of agricultural yields, the detection of treatment e↵ects on profits is

greatly complicated by measurement error. At the endline, both the treatment group and

the reminder group have profits that are more than $200 higher than the control group (16%

higher), although both these e↵ects are imprecisely estimated. In addition, we see an 8%

increase in input expenditure by the endline for the combined treatment group (26% higher

for the reminder group), but this e↵ect is also imprecisely estimated. Measuring in levels

rather than logs, we find that input expenditure is higher for the reminder group at endline

18Note, all percentage increases of estimates of yield are computed by dividing the coe�cient on treat*post
by the control mean at baseline.
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by roughly $50, significant at the 10% level (not reported).

4.8 Impact on Agricultural Knowledge

Having established that AO a↵ects behavior, we now turn to the mechanisms by which AO

works: does it serve as an education tool, creating durable improvements in knowledge,

or does it function as an advisory service, in which farmers follow instructions, without

necessarily comprehending why a particular course of action is the right one? In Table 6,

we examine whether AO improves farmers’ ability to answer basic agricultural questions.

The questions we ask test the respondents on a wide range of topics, which are generally

invariant to their personal circumstances.19

Baseline agricultural knowledge is low, with farmers in the control group only being able

to answer 32% of questions correctly. There are no imbalances between treatment and control

for the total at the baseline. Given that these are very basic questions about agriculture,

this suggests that there is a substantial lack of information on even basic topics concerning

crop cultivation.

As reported in Table 6, we do not observe di↵erences between the treatment and control

groups in agricultural knowledge in the midline or in the endline survey. In part, the types of

knowledge that respondents gain reflect their actual demand for information. The majority

of questions asked on the AO platform relate to pesticides.

4.9 Heterogeneous Treatment E↵ects

While the importance of technological progress to growth is beyond doubt, there are growing

concerns about the possibility of a “digital divide,” in which the poorest or least educated are

less able to take full advantage of the promise of new technologies. We test this hypothesis by

comparing AO usage and knowledge gain by education level. We focus on respondent educa-

tion for at least two reasons: first, while the service is designed to be accessible to illiterate

users, it may be easier to use or navigate for a literate population, who can take advantage

of instructional material. Second, educated individuals may be in a better position to learn.

(We also examined landholdings as a source of heterogeneity in treatment e↵ects, and found

virtually no di↵erence between above- and below-median landholders.) The median farmer

in our survey reports 4 years of education.

Are AO Usage and Education Complements?

In Table 7, we regress measures of AO usage on a treatment dummy, a dummy for having

19The full text of the questions is available in Appendix A8.
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more than the median number of years of formal education (4 years), a time-trend dummy

and the corresponding interaction terms as in equation (3).

Columns (2) and (3) suggest that there may be some complementarities between AO use

and education: more educated farmers make more use of the service on average, but these

di↵erences are not statistically significant. We do not find an e↵ect on the extensive margin;

that is, more educated individuals are no more likely to call into the AO line. This table

makes use of administrative data for all 1,200 respondents as their calls (and the absence of

calls from control) are logged on to the server. We do not observe heterogeneous e↵ects of

AO across education for input adoption or agricultural knowledge.

Income and AO

Treatment respondents with above-median incomes are no more likely to call into the AO

line, but their total usage is approximately 40 minutes higher relative to respondents with

below-median incomes at midline (55 minutes in the endline). Farmers with higher incomes

also show di↵erential e↵ects in the cotton practices index (about 0.1 standard deviation units

higher, 0.07 at midline but not significant).

4.10 Spillover E↵ects

Given randomization at the household level, it is possible that access to AO indirectly influ-

enced the outcomes of study respondents and those not a part of the study in the networks

of study respondents through information spillovers.

In a separate paper, we document in detail how patterns of social interactions and in-

formation exchange are influenced by the AO treatment (Fernando, 2016). We find that

the technology results in treatment respondents being 7.2% more likely to share information

with their peers and 7% more likely to recommend an input after production outcomes have

been observed (both significant at 5% level). In addition, they are 46.8% more likely to

report ‘mobile phone-based information’ as the source of this information, suggesting that

the treatment both influenced the frequency and content of information sharing (significant

at the 1% level).

Table 8 estimates spillover e↵ects for both study respondents and a group of ‘non-study’

respondents who were surveyed in the ‘peer survey’. As the previous results suggest, treat-

ment respondents may have discussed advice they received or even asked questions on behalf

of their peers. Alternatively, peers may follow suit after directly observing changes in their

neighbors’ agricultural practices.
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4.10.1 Among Study Respondents

In Columns (1)-(7) of Table 8 we use the same specification as in the section on heterogeneous

e↵ects (Equation (3)), except the heterogeneity explored is the fraction of one’s peer group

exposed to the treatment as in Equation (4) but in a di↵erence-in-di↵erence framework.20

Column (1) contains the mean and standard deviation for the control group at baseline,

columns (2)-(4) refer to study respondents at midline, while columns (5)-(7) refer to them

at endline, from a separate regression. 21

Columns (2) and (5) report the coe�cient on the interaction between an indicator for

treatment and the post variable. Importantly, these estimates do not di↵er substantially

from those estimated in previous tables, suggesting that controlling for spillover e↵ects does

not influence headline results on AO usage and reported sources of information.22 Columns

(3) and (6) report the coe�cient on the interaction between post and the fraction of one’s

peer group that is treated, while columns (4) and (7) show the interaction of the former with

an indicator for belonging to the treatment group. These coe�cients are for the most part

not statistically significant, providing limited evidence for spillover e↵ects within the study.

An important exception is the cotton pest management index. Here we see that treated

respondents with a higher fraction of treated peers in their network are more likely to adopt

pesticide recommendations at midline and at endline, although the endline di↵erence is not

statistically significant. In addition, we see some evidence that among control respondents,

having more treated peers made it less likely that they would adopt recommendations for

cotton pest management at midline (significant) and endline (not significant), an e↵ect

that may suggest limitations on input inventories within villages. In both cases, the net

treatment e↵ect accounting for spillovers is significantly di↵erent from zero.23 These e↵ects

are suggestive of complementarities between treated peers in the adoption of cotton pest

management advice.

4.10.2 Non-study Respondents

Columns (8) and (9) refer to non-study respondents and report simple di↵erences using data

collected from the peer survey. The specification estimated here is Equation (4),with controls

20In each case, we control for the number of peers in one’s reference group, its interaction with a time-trend
and with a treatment indicator, and baseline cotton and its interaction with a time-trend.

21Appendix A9 assesses whether the fraction of treated peers in a social network is independent of other
observable characteristics. The only characteristic that shows an imbalance is cotton acreage. We control
for baseline cotton acreage in all peer regressions.

22Appendix A11 shows that this holds true for a broader set of outcomes.
23We can reject the null hypothesis for the joint test of significance for treat*post coe�cient and the

treat*post*treat˙frac at both midline (p-value: 0.078) and endline (p-value : 0.081) for the cotton pest
management e↵ect.
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for the number of peers in one’s reference group and baseline cotton.

Here, we do find significant (economically and statistically) impacts of informational

spill-overs. Non-study respondents with more treated peers are more likely to grow cumin

(6%) and plant a large amount of it (.26 acres more). Those with more treated peers in their

networks also report 4% less cotton crop loss as a result of pest attacks, suggesting that pest

management practices provided by the AO service may have been shared.

4.11 Willingness to Pay

Most goods and services are evaluated on a market basis, rather than through RCTs. The

financial sustainability of a subscription-based service would depend critically on users will-

ingness to pay–though we point out that because information is shared among farmers,

willingness to pay may well be less than the social value of the service.

After the conclusion of the study, we conducted a series of exercises to assess willingness

to pay for the AO service among the original 1,200 study respondents, as well as an additional

457 non-study respondents. The first method used a traditional o↵er price (‘Take it or Leave

it’ (TIOLI)), for a nine-month subscription to AO. We randomly varied the o↵er price at the

household level to estimate a demand curve 24 The second method used the Becker-DeGroot-

Marschak (BDM) method as an incentive compatible price elicitation mechanism. In this

method, the respondent first indicates their willingness to purchase at a series of price points.

They then record a specific bid, after which the respondent is shown a randomly generated

o↵er price.25 To our knowledge, this was one of the first successful implementations of the

BDM mechanism “in the field” for a substantial product. If the respondent’s bid is greater

than the o↵er price they can buy it at the o↵er price and if not they cannot purchase the

product. The TIOLI method was randomized to a quarter of the sample, while the BDM

method was randomized to the remaining three-quarters.

The two methods of eliciting willingness to pay deliver similar results. Of the 390 re-

spondents that were o↵ered AO through the TIOLI method, 150 respondents (38.4%) bought

a subscription at an average price of Rs. 107 ($1.78). Similarly, of the 1043 respondents

that were o↵ered AO through the BDM method, 370 (33%) purchased a subscription at an

average price of Rs. 108 ($1.8).26

Table 9 investigates correlates of the decision to purchase AO. Surprisingly, we do not

find that treatment status is an important predictor of purchasing AO. Rather, we find that

education positively predicts the decision to purchase AO, while the o↵er price does the

24The prices o↵ered were Rs. 40 ($0.67), Rs. 90 ($1.5), Rs. 140 ($ 2.3), Rs. 190 ($3.2) and Rs. 240 ($4).
25The respondent is asked to indicate their willingness to purchase the policy for Rs. 40 ($0.67), Rs. 90

($1.5), Rs. 140 ($ 2.3), Rs. 190 ($3.2), Rs. 240 ($4), Rs. 290 ($4.8), Rs. 390 ($6.5), Rs.490 ($8.1)
26Cole et al., 2016 describe and evaluate these approaches in detail.
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opposite.

Figure 4 shows the elicited demand curves for AO for both methods. The methods yield

comparable estimates of willingness to pay, which we estimate at Rs. 108 ($1.78) for a nine

month subscription (see Panel A of Table 9) . AO costs little, requiring just $0.83 to service

one farmer per month, inclusive of airtime costs, sta↵ time and technology fees. In contrast, a

single round of traditional extension (educational demonstration by a government extension

worker to a gathering of farmers) costs $8.5 per farmer (based on extension provided to the

AOE group).

In our study, airtime was provided freely for farmers to encourage take-up (costing ap-

proximately $ 0.31). If farmers paid airtime, the per-farmer operating cost of the AO service

could be as low as $0.52 per month. However, even at this rate AO would require a subsidy

of roughly $0.35 per month per farmer given the elicited willingness to pay. It is important

to note that the per-farmer cost of providing AO is likely to drop considerably as the service

scales up, as labor costs need not scale linearly if pre-recorded answers can be directed to

commonly asked questions, and if information can be transmitted using cheaper data plans,

rather than voice calls.

4.12 Cost-Benefit Analysis

To compute the return to investing in an AO subscription we weigh measured increases in

yield against increases inputs costs. A 8.6% increase in cotton yields for the treatment group

with frequent reminder calls implies an average revenue increase of nearly $200 while a 28.0%

increase in cumin yields implies an average return of $65.27 This $265 average increase in

revenue must be weighed against an increase in input costs of $50.28 This implies a profit

of $215 on the basis of a $20, 2-year subscription to AO. This implies a return of more than

$10 for each dollar invested in AO, net of cost.

4.12.1 Accounting for Externalities

While we estimate the average private return to a respondent at $215 per farmer, we can also

compute the social return by estimating externalities caused by the service. In particular,

we find that exposing a non-study peer to a treated respondent reduces crop loss due to pest

27These calculations are based on average values of crop acreage and crop selling prices for the entire
sample. On average, respondents grew 4.4 acres of cotton (0.55 acres of cumin) and sold cotton at a price
of $0.74 per kg ($2.18 per kg for cumin) at the time of the endline survey. We observe an increase of 60 kg
per acre in cotton yields and 54 kg per acre for cumin yields for the treatment group.

28Input costs include the costs of seeds, irrigation, fertilizers, pesticides, hired and household labor. House-
hold labor is priced at the mean of the hired wage. This e↵ect is precisely estimated for the reminder group
at the endline. The values at midline and for the combined treatment group imply a smaller increase in
input costs but are not precisely estimated.
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attacks by 4%. Assuming this e↵ect is linear, this suggests that a representative treatment

respondent creates a positive social externality amounting to $16 29. As such, the social

return, net of cost is $231, or a return of $11.55 for each dollar invested. While this estimate

does not take into account additional costs incurred by peers in reducing crop loss, we

view this as a conservative estimate given other potential benefits such as increased cumin

cultivation.30 Even under these assumptions, it is worth noting that this externality nearly

3 times the per-farmer subsidy cost ($5.69 per farmer for a 9-month subscription) needed to

keep the service operational given elicited average WTP.

4.12.2 Pricing and Welfare Analysis

Given the demand curve we estimate, the profit-maximizing price for a private firm would

be Rs. 490 (the highest price we tested), which would yield the firm a profit of $8,930

across 1,114 individuals, and create a social benefit of $10,154 ($231 per farmer * 50 farmers

purchasing the service)31. In contrast, were the service o↵ered at a 91% subsidy, with a

subscription cost of Rs. 40, the net benefit would be $193,589. Because the benefit is so

much greater than the willingness to pay, a heavily subsidized service would generate 20

times more social benefit than pricing above marginal cost. While these calculations do

not take into account distortionary e↵ects that a tax needed to raise such a subsidy would

generate, these are likely to be second order relative to the benefits generated and suggest a

strong case for subsidizing the service in the interest of maximizing social welfare.

29In our study, we treated 800 farmers across 40 villages with a total population of approximately 60,000.
These study respondents had 1,114 unique peers who were not in the study sample and we estimate the
savings per peer as 3.9% of cotton yield, or approximately $20 per peer, assuming baseline cotton acreage
of 694 kg and a price of 0.74 kg per acre. However, each peer only had 0.58 of their peers in the treatment
group, so we compute the total externality as $20* 1114 * 0.58, or the per-treated-farmer externality as $16.
Had we treated a far higher share of the population, this number may well have been lower.

30For example, the treatment also increases cumin acreage by 0.225 acres. Assuming yield is linear in
acreage, this amounts to 70.6 additional kg of cumin or $153. However, cumin is grown by 43% of the
sample (in contrast to 99% for cotton) by endline, and pricing these benefits requires explicit assumptions
on adoption and the production function.

31This calculation takes the Rs. 490 price point under the BDM game, at which just 4.5% of 1,114
respondents administered the BDM game are willing to buy a 9-month subscription to AO. This calculation
further assumes that the per-farmer private and social benefit of the service is $231. The net social benefit
is the di↵erence between the surplus generated for the farmers in increased returns, both private and social,
and the costs incurred by the firm in providing the service. Note, pricing just below marginal cost (Rs. 390)
would result in $15,556 of net social benefit
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5 Threats to Validity

5.1 Attrition

In the endline survey, we had 120 attritees, of which 39 were control farmers, 43 from the

AOE group, and 38 from the AO group. In comparison, we had 77 attritees in the midline,

of which 23 were control farmers, 22 were from the AOE group and 32 were from the AO

group. We do not observe any significant di↵erences between the treatment and control

group for the attritees, as measured by baseline characteristics. These results are reported

in Appendix Table A10.

5.2 Experimenter Demand E↵ects

A second obvious concern is that respondents in the treatment group may o↵er answers that

they believe the research team seeks, perhaps in the hopes of prolonging the research project,

or due to a sense of reciprocity. While it is di�cult to rule this out entirely, the fact that

we find no e↵ect on sources of price information in Table 3 – which the AO service does

not provide – in spite of finding large di↵erences for sources of other information provides

some comfort. We also note that we can observe some outcomes perfectly: the AO platform

records precisely how many times respondents call in. Respondents provide remarkably

unbiased answers to the question “did you call into the AO line with a question,” with

55.5% self-reported call-in rate vs. a 53.5% call-in rate using administrative data (results

not reported in tables).

6 Conclusion

This paper presents the results from a randomized experiment studying the impact of pro-

viding toll-free access to AO, a mobile phone-based technology that allows farmers to receive

timely agricultural information from expert agronomists and their peers.

Firstly, we show that the intervention was successful in generating a substantial amount

of AO usage, with roughly 60% of the treatment group calling into listen to content or ask

a question within 7 months of beginning the intervention, and 80% using it after two years.

We then showed that AO had a large impact on reported sources of information used in

agricultural decisions, reducing the reliance of treatment respondents on input dealers and

past experience for advice.

Having established AO as a reliable source of information, we then show that advice

provided through AO resulted in farmers changing a wide variety of input decisions that
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ultimately lead to increases in crop yields. In addition, we find evidence that treated respon-

dents had a limited influence on the information sources and cropping decisions of peers not

in the study. Richer respondents are more likely to use AO and adopt inputs, suggesting

that richer farmers may be di↵erentially well-positioned to take advantage of technological

change.

We estimate that a $1 investment in AO generates a return of more than $10. Elicited

willingness to pay for a $7.5 subscription is only $1.7, but implied subsidy is more than

justified by the returns generated by AO. A two-year subscription generates a profit of more

than $200 on average, while inducing a positive social externality of $16, or nearly 3 times

the subsidy required to operate the service given elicited WTP. In addition, while the cost

of this intervention is quite low (we estimate a monthly cost of approximately USD $0.83

per farmer, including all airtime costs, sta↵ time, and technology fees) if the project were

implemented at scale, the costs may drop dramatically, as pre-recorded answers to specific

questions dramatically reduce the amount of time the agronomists must spend on each

question. In contrast, the “all-in” costs for physical extension were about $8.50 per farmer.

In addition to this high cost, we do not find any evidence to suggest that outcomes between

respondents provided with AO and physical extension and those only provided with AO were

di↵erent.

These results represent the beginning of a research agenda seeking to understand the

importance of information and management in small farmer agriculture. Many important

questions remain unanswered. Going forward, the individual nature of delivery and informa-

tion access (each farmer can potentially receive a di↵erent push call message, and each can

choose which other reported experiences to listen to) will allow us to test the importance of

top-down vs. bottom-up information.

One of the features of the current intervention is that the NGO providing the service,

DSC, has established trust by providing services to farmers for many years. While certain

aspects of observed input adoption like pesticide use allow for sequential learning, for large

investments where the downside risk could be potentially devastating, as in the case of

cumin sowing, trust would appear to be a lot more important. AO comes across as a service

without a vested interest (impartial) in addition to being experts, which may well serve to

both encourage farmers to switch away from other sources and act on AO information. We

hope to experimentally vary the source of information (if only to present it as a peer instead

of an expert) in order to understand the importance of this aspect for technology adoption.

To understand the exact mechanism through which AO a↵ects behavior, it is also im-

portant to understand whether the treatment e↵ect is working through acquired knowledge

or “merely” persuasion. One definition of cognitive persuasion that has been adopted in the
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literature is that it consists of “tapping into already prevailing mental models and beliefs”

through associations rather than teaching or inculcating the subject with new information.

From qualitative work we have conducted, many farmers claim to distrust input dealerships

but still adopt their advice for lack of a better source. While this is not something that is

emphasized in the AO service itself, the presentation of information that seems to conflict

with the advice given by input merchants may well serve to reinforce this distrust. We

hope to be able to test these hypotheses using pre- and post- subjective evaluations of the

trustworthiness of information sources. However, a more elaborate treatment play may be

necessary to clearly distinguish between the two models of how information a↵ects behavior.

Finally, we stress the practical importance of this technology. Climate change and the

mono-cropping of new varieties of cotton may significantly alter both the types and frequency

of pests, and the e↵ectiveness of pesticides in the near future. Farmers in isolated rural

areas have little recourse to scientific information that might allow them to adapt to these

contingencies. We believe mobile phone-based agricultural extension presents a cost-e↵ective

and salient conduit through which to relay such information.
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