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ABSTRACT
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The Value of Information in Technology 
Adoption*

We develop a theoretical model in which technology adoption decisions are based on 

the information received from others about the quality of a new technology and on their 

risk attitudes. We test the predictions of this model using a randomized field experiment 

in Bangladesh. We show that the share of treated farmers who receive better training 

in System of Rice Intensification (SRI) technology have a high positive impact on the 

adoption rate of untreated farmers. We also find that untreated farmers who are more 

risk-averse tend to adopt the technology less and are less influenced by their treated peers. 

Finally, a trained farmer’s impact on his untrained peers increases if he himself adopts SRI 

technology. Our results indicate that the crucial determinants of technology adoption for 

untreated farmers are the accuracy and reliability of information transmission about the 

quality of the technology circulated among farmers as well as their degree of risk aversion. 
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1 Introduction

In many developing countries, especially in South Asia and Sub-Saharan Africa, agricultural
productivity has remained low due to the sluggish adoption and di�usion of new e�cient
cultivation methods, which are critical for food security and economic growth. Although
most frictions impeding the adoption of new agricultural technologies are rooted in imperfect
information (i.e., they stem from farmers' uncertainty), the costs of learning, and the limited
knowledge of these new technologies (Moser and Barrett, 2006; Barrett et al., 2010; Conley
and Udry, 2010; Jack, 2013; Barrett et al., 2019), we still know little about the role of
information transmission and risk attitudes in technology adoption decisions. Moreover,
existing policy evaluations of technology adoption programs mostly focus on the direct
impact of �the treatment� on those who are treated, ignoring the indirect spillover e�ects
on the technology adoption behavior of the untreated.

In this study, we address these issues by examining from a theoretical and empirical
perspective the importance of farmers' risk attitudes and role of the quality and accuracy
of information on a new technology transmitted by treated farmers on the adoption rate of
untreated farmers in rural Bangladesh.

We �rst develop a theoretical model in which each farmer makes an adoption decision
based on a noisy signal received from his peers about the uncertain quality of a new
technology. The key assumption of the model is that individuals possessing better knowledge
about the new technology (because of better training) send less noisy signals about its
quality.

When farmers are assumed to be risk-neutral, we show that the adoption rate of
untreated (uninformed) farmers increases with the proportion of treated (informed) farmers
residing in the same village. Indeed, the higher is the proportion of treated farmers in
a village in which an untreated farmer lives, the higher is the probability of meeting a
treated (informed) farmer. This, in turn, implies a higher quality of information about
the new technology transmitted to untreated farmers. We also show that when treated
farmers receive longer training and thus send more precise signals about the quality of
the technology, the impact of treated farmers on the adoption rate of untreated farmers is
higher. We use the variance in the noisy component of a signal as an inverse measure of its
accuracy.

We then test these predictions of the theoretical model by randomly varying the number
of trainees (treated farmers) in each village, thereby generating exogenous variation in
the degree to which farmers who were not themselves trained (untreated farmers) on the
System of Rice Intensi�cation (SRI) were indirectly exposed to this technology. Moreover,
in a random subset of the villages, farmers were trained for two years in a row, improving
knowledge and sustaining adoption among these farmers and exploring the implications for
social di�usion.

We �nd that an increase of 10% in treated farmers in a village increases the average rate
of the adoption of SRI technology among untreated farmers in the same village by 2.2%. We
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then split the 120 villages into two groups: T2−treated villages in which treated farmers
received two years of training and T1−treated villages in which treated farmers received one
year of training and estimate the model separately. We show that only treated farmers with
two years of training have a signi�cant impact on the adoption rate of untreated farmers.
According to our theoretical model, this is because T2−treated farmers provide untreated
farmers with accurate and precise information on SRI technology. Furthermore, the more
trained a farmer is, the lower is the variance in the noise of technology quality, the more
accurate is the information transmitted to an untreated farmer, and the more likely the
latter adopts SRI technology. We also show that our results are stronger if we include a
subset of treated farmers such as those who discuss agricultural and �nancial issues with
untreated farmers.

One may wonder if our results are really because farmers with two years of training
provide better and more accurate information about SRI technology to their peers and not
because they produce more rice than farmers with one year of training so that their peers
just imitate them. We rule out the latter by showing that there are no di�erences in rice
production and yields between T1 and T2 villages, even though farmers in T2 villages have
received more training on SRI technology. In fact, we show that there are di�erences in rice
production and yields only between adopters and non-adopters, con�rming the bene�ts of
SRI technology. These results support the mechanism highlighted by our theoretical model
that spillover e�ects mainly operate through information transmission rather than imitating
more productive farmers. This is because the SRI is not a complex technology to adopt
but it is based on certain principles that justify particular practices, which are expected
to be adapted empirically to local conditions. The information involved in following SRI
principles and practices needs to be followed carefully. Hence, there is a real �cost� of
adopting the SRI for farmers because it is a totally new way of thinking, leading to some
resistance. In our framework, farmers with two years of training are much more able to
explain and convince their untreated peers to adopt the SRI than those with less training
because they provide them with accurate information on how to implement the di�erent
principles and practices of the SRI.

We then extend our theoretical model to include risk-averse rather than risk-neutral
farmers. We obtain two new predictions: risk-averse farmers adopt less than risk-loving
farmers (direct e�ect) and the higher is the degree of risk aversion, the lower is the impact
of the proportion of treated farmers on the adoption rate of untreated farmers (cross-
e�ect). We test these theoretical results using a direct measure of the degree of riskiness
of all farmers in a village. We �nd that our empirical results con�rm the predictions
of the theoretical model. In particular, we show that risk-averse untreated farmers are
less sensitive to the in�uence of treated peers from T2 villages than risk-neutral untreated

farmers. This is again consistent with the way the SRI is adopted and the di�culty for
farmers to implement the principles that underlie the di�erent practices of the SRI. As a
result, it is not surprising that more risk-averse farmers are more reluctant to adopt the
SRI and are less in�uenced by their peers.
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Finally, to better understand the mechanisms behind our results, we estimate a peer
e�ects model in which we examine the impact of treated farmers who adopt SRI technology
on the adoption rate of untreated farmers residing in the same village. Because the
percentage of treated farmers who adopt SRI technology is an endogenous variable, we
instrument it by the percentage of treated farmers, which is clearly exogenous. We show
that the results are similar albeit larger. Now, an increase of 10% in treated farmers who
adopt SRI technology increases the adoption rate of untreated farmers by 3.61% instead of
2.2%. Therefore, we believe that the key aspect of the SRI adoption is the transmission of
information about the quality of the SRI but also peer pressure. This is because the SRI is
a methodology for growing rice, which di�ers from traditional practices. There is evidence
that farmers are constrained by the information and skills necessary for local adaptation
and must bear greater risks under the SRI than traditional cultivation methods (Barrett
et al., 2019). In addition, SRI �elds visibly di�er from traditional rice �elds; hence, social
norms and conformity pressures a�ect the adoption decision.

A large body of the empirical literature has demonstrated the importance of peer and
network e�ects1 on technology adoption (see Foster and Rosenzweig, 1995; Bandiera and
Rasul, 2006; Conley and Udry, 2001, 2010; Banerjee et al. 2013; Fafchamps et al. 2018).2

Prior studies have utilized data from farmers in Northern Mozambique (Bandiera and Rasul,
2006), pineapple plantation farmers in Ghana (Conley and Udry, 2010), and olive plantation
farmers in Greece (Genius et al., 2013). Peer in�uence and imitation e�ects within a
social network have also been applied to the e�ectiveness and transmission of information
in relation to health initiatives in studies of menstrual cup usage in Nepal (Oster and
Thornton, 2012), malaria prevention in Sub-Saharan Africa (Apouey and Picone, 2014),
and �ghting cases of intestinal worms in Kenya (Miguel and Kremer, 2004).

One important channel for technology adoption is learning and peer e�ects. In Ghana,
Conley and Udry (2010) investigate how farmers' input decisions change when they observe
the actions and outcomes of other farmers in their information network.3 The results show
that farmers are more likely to increase input use when their neighbors achieve higher
than expected pro�ts using more input than before. Cai et al. (2015) use a randomized
experiment in rural China to study the in�uence of social networks on weather insurance
adoption. Varying the information available about peers' decisions and randomizing the
default options, they show that the network e�ect is driven by the di�usion of insurance
knowledge rather than purchase decisions. Bonan et al. (2017) evaluate the role of
social interactions in technology adoption and �nd a positive and direct peer in�uence,
demonstrating that consumers are more willing to buy an improved cook stove if their close

1Network economics is a growing �eld. For overviews, see Jackson (2008) and Jackson et al.
(2017).

2See Munshi (2008), Maertens and Barrett (2013), Chuang and Schechter (2015), and Breza
(2016) for overviews of this literature.

3An information neighbor is a farmer who gives advice to another.
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peers purchased the same product. Similarly, Oster and Thornton (2012) study the role
of peer e�ects in adopting a type of sanitary technology in Nepal. They �nd strong peer
e�ects; a girl whose friend uses a menstrual cup increases her use of this device by 18.6%.

Beaman et al. (2018) also study social learning in di�usion by targeting seed farmers
in Malawi and show their e�ectiveness in promoting technology di�usion.4 Banerjee et
al. (2018) further examine social learning by comparing the di�usion outcomes between
broadcasting and seedling. They �nd that if information dissemination occurs in the scope
of common knowledge (i.e., publicizing information), seedling improves learning more than
broadcasting does. Finally, social reinforcement, or peer e�ects, may motivate individuals
to reproduce the behavior of others. Banerjee et al. (2013) analyze the role of peer e�ects
by exploring the di�usion process of micro�nance programs. They �nd that di�usion is
independent of the number of adopters surrounded by an agent. In other words, learning
e�ects dominate peer e�ects.5

How do peer e�ects operate? What is it that farmers have learned from their informed
friends that in�uenced their take-up decisions? Generally speaking, peers may in�uence
the adoption of a new technology or a �nancial product for three reasons: (i) people gain
knowledge from their friends about the value of the product (Conley and Udry, 2010;
Kremer and Miguel, 2007), (ii) people learn from their friends how to use the product
(Munshi and Myaux 2006; Oster and Thornton, 2012), or (iii) people are in�uenced by
other individuals' decisions (Bandiera and Rasul, 2006; Banerjee, 1992; Bursztyn et al.,
2014; Golub and Jackson, 2012; Campbell et al., 2017). In the last case, this could be
social learning/imitation or the social utility e�ect.

The contributions of our study to this large literature are as follows. First, we are the
�rst to provide a new theoretical model highlighting the importance of the quality and
accuracy of information on the adoption rate of a new technology. Second, we not only
examine the e�ect of peers on technology adoption but also how risk attitude a�ects this
adoption, and the cross-e�ect of peers and risk attitude.6 Third, to test this theory, we
conduct di�erent randomized controlled trials (RCTs ) using distinct treatments (in terms
of the duration of training) that provide farmers with di�erent knowledge and accuracy

4See also Dar et al. (2019), who show that inducing conversation between farmers can be just
as e�ective as seeding central farmers.

5Studies in the literature on social di�usion have also considered the quality and accuracy of the
information being di�used. For example, Kondylis et al. (2017) and Benyishay and Mobarak (2019)
distinguish between learning via communication and observational learning. Maertens (2017) also
�nds that both acquiring knowledge and imitating others are important for adoption, while Carter
et al. (2018) shed light on how the availability and use of formal savings services may a�ect the
dynamic impacts of subsidies for agricultural technology adoption.

6To the best of our knowledge, few studies have investigated the e�ect of risk attitude on
technology adoption (exceptions include Ghadim et al., 2005; Koundouri et al., 2006; Genius et al.,
2013) and none has examined the cross-e�ect of both risk and peers on technology adoption.
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of information about the new technology.7 Fourth, instead of directly testing the e�ect of
the treatment (technology training) on the adoption rate of treated farmers compared with
the control group (untreated farmers), we investigate how untreated farmers are positively
a�ected by the proportion of treated farmers in the village in which they live. Indeed,
spillover e�ects can be identi�ed by varying the treatment intensity across space and time.
Our results show large spillover e�ects from treated to untreated farmers. This implies that
the total e�ect of an intervention is usually underestimated because it takes into account
the impact of treated individuals on untreated ones (see also Miguel and Kremer, 2004;
List et al., 2019).

The rest of the paper is organized as follows. Section 2 develops the baseline theoretical
model when farmers are risk-neutral. Section 3 describes the background of the study and
explains the experimental design. Section 4 describes the data and econometric model,
which tests the prediction of the theoretical model. Section 5 presents the main empirical
results and robustness checks. Section 6 explains the role of risk aversion in technology
adoption, both from theoretical and from empirical viewpoints. Section 7 empirically studies
peer e�ects in technology adoption. Section 8 concludes. Appendix A provides all the
mathematical proofs. Appendix B supplies additional �gures and tables. Appendix C
provides an additional way of measuring farmers' risk attitudes.

2 Theory

2.1 Model and notations

Consider a �nite number of locations, which we call villages. Each village is populated
by a continuum of agents, which we call farmers. As in our empirical analysis, there are
three types of farmers: those not treated, those who received one year of training in SRI
technology, and those who received two years of training in the SRI. Accordingly, we de�ne
a farmer's type θ as follows: θ ∈ {NT, T}, where NT and T stand, respectively for �Non-
Treated� and �Treated� and where T = {T1, T2}, where T1 and T2 stand for �Treated One
Year� and �Treated Two Years.�

In each village v, there are treated and untreated farmers. There are two types of
villages: those in which treated farmers received one year of training, v = T1, and those
in which treated farmers received two years of training, v = T2. We want to study how,
in each village, the decision to adopt the SRI of an untreated farmer is a�ected by the
percentage of treated farmers residing in the same village. Let p ≡ P{θ = T} be the
share of treated individuals in a given village.8 We refer to p as the exposure rate. An

7Cai et al. (2015) also vary the information available about peers' decisions but study very
short-term e�ects (three days), do not use a theoretical model, and do not investigate how risk
aversion a�ects technology adoption.

8Since we assumed a continuum of farmers in each village, from the law of large numbers, p
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untreated farmer, which we also refer to as an uninformed agent, does not precisely know
the true bene�t b (or rather, the quality of the technology) of adopting SRI technology,
while treated farmers, referred to as informed agents, have received training that gives
them some knowledge about the technology. The quality or the bene�t of the technology b
is a random variable, which follows a normal distribution, that is,

b ∼ N
(
β, σ2

b

)
, (1)

where β > 0 is the mean and σ2
b > 0 is the variance. In other words, the average or

expected bene�t of adopting SRI technology is equal to β. Importantly, when an untreated
(uninformed) farmer meets a θ−type (informed) farmer, he receives a noisy signal sθ about
the bene�t of adopting the new technology. This signal has the following standard structure:

sθ = b+ εθ, (2)

where b satis�es (1), while εθ is an error term that follows a normal distribution,

εθ ∼ N
(
0, σ2

θ

)
, with Cov(b, εθ) = 0. (3)

The key idea of our model is that better trained farmers are better informed and thus send
less noisy signals. We capture this by imposing the following assumption:

σ2
NT > σ2

T1 > σ2
T2. (4)

Indeed, because of their training, treated farmers have more information about the new
technology than do untreated farmers. Furthermore, farmers with two years of training
have better knowledge of the SRI than those with one year of training; hence, they send
less noisy signals.

We now describe the adoption behavior of an untreated farmer. De�ne A as a binary
variable, where A = 1 means that an untreated individual adopts the new technology, while
A = 0 implies non-adoption. Then, the probability of an untreated individual of adopting
the new technology is as follows:

P{A = 1} = pP{A = 1 | θ = T}+ (1− p)P{A = 1 | θ = NT}, (5)

where P{A = 1 | θ = T} is the probability of adopting the new technology conditional on
meeting a treated individual, while P{A = 1 | θ = NT} is the probability of adopting the
new technology conditional on meeting an untreated individual. We can easily verify that

∂P{A = 1}
∂p

> 0 ⇐⇒ P{A = 1 | θ = T} > P{A = 1 | θ = NT}. (6)

(1 − p) can be interpreted as the probability that an untreated farmer randomly meets a treated
(untreated) farmer in the village.
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In other words, there is a positive relationship between p, the proportion of treated farmers
in a village, and P{A = 1}, the individual probability of an untreated farmer adopting
the new technology if and only if interacting with a treated farmer is more bene�cial for
adoption than interacting with an untreated farmer.

To proceed, we must structure the problem further by making assumptions about
individual behavior and the utility function.

2.2 Model predictions with risk-neutral farmers

Assume that all farmers are risk-neutral.9 De�ne z, the net payo�, as follows:

z :=

{
b− c, if A = 1,

0, if A = 0,
(7)

where c > 0 is the �xed cost of adopting the new technology. We have the following utility
function:

Uθ(A) := E [z | sθ] =

{
E (b | sθ)− c, if A = 1,

0, if A = 0.
(8)

Risk neutrality implies that only the expected di�erence between the bene�t and cost of
adoption matters. Throughout this section, we assume that

c > β; (9)

otherwise, the problem would be uninteresting. This assumption means that in the absence
of interactions with treated (informed) farmers, a risk-neutral untreated farmer will never
adopt the technology. Clearly, if c < β, the technology will be easy to adopt, without the
need for information transmission. In our data, the SRI technology is su�ciently di�cult
to implement that most individuals would not adopt it on their own. For example, Table 1
below shows that even when in�uenced by treated farmers, only 7�10% of untreated farmers
adopt SRI technology.

For θ = {T,NT}, using (8), the conditional probabilities de�ned in equation (5) are
given by

P{A = 1 | θ} = P{E (b | sθ) > c}, (10)

where E (b | sθ) is the expected bene�t of adopting the new technology for an untreated
individual conditional on receiving signal sθ. Owing to the normality assumptions in (1)
and (3), we have (e.g., DeGroot, 2004, Theorem 1, p. 167):

E (b | sθ) =
σ2
θ

σ2
θ + σ2

b

β +
σ2
b

σ2
θ + σ2

b

sθ. (11)

9We consider risk-averse farmers in Section 6.
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Combining (1) and (3) with (11), we can readily verify that

E (b | sθ) ∼ N
(
β,

σ4
b

σ2
θ + σ2

b

)
. (12)

Using (12), (10) can be written as follows:

P{A = 1 | θ} = 1− Φ

(
(c− β)

σ2
b

√
σ2
b + σ2

θ

)
,

where

Φ(x) :=
1√
2π

x∫
−∞

exp

(
− y2

2

)
dy

is the cumulative distribution function of the standard univariate normal distribution.
Hence,

P{A = 1 | θ = T}−P{A = 1 | θ = NT} = Φ

(
(c− β)

σ2
b

√
σ2
b + σ2

NT

)
−Φ

(
(c− β)

σ2
b

√
σ2
b + σ2

T

)
.

(13)
We have the following results.

Proposition 1 Assume that (4) and (9) hold and that agents are risk-neutral. Then,

(i) In each village, the adoption rate of untreated farmers increases with the exposure

rate, i.e.,
∂P{A = 1}

∂p
> 0.

(ii) In a T2-treated village, the impact of the exposure rate on the adoption rate of

untreated farmers is higher than that in a T1-treated village, i.e.,

∂P{A = 1 | v = T2}
∂p

>
∂P{A = 1 | v = T1}

∂p
.

Part (i) of Proposition 1 shows that if c > β, the larger the quantity and better the
precision of information about the quality of the technology, the more likely an untreated
farmer will adopt SRI technology. Indeed, when p increases, the untreated farmer is more
likely to meet a treated farmer, who has more precise information about the technology,
since σ2

NT > σ2
T . Part (ii) of Proposition 1 compares di�erent villages with di�erent

treatments. If an untreated farmer resides in a village in which treated farmers received
two years of training, then, for the same p, the precision of information on the quality of
the technology is higher than that in a village in which treated farmers received one year
of training. Therefore, the untreated farmer is more likely to adopt the new technology.10

10Observe that we can easily extend the results of Proposition 1 when untreated farmers have
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3 Background and experimental design

We now empirically test parts (i) and (ii) of Proposition 1. This section describes the
speci�c features of Bangladesh that make it particularly suitable for our empirical exercise
and experimental design.

3.1 Background

In Bangladesh, improving agricultural productivity has been critical to facilitating
poverty alleviation and food security. Rice is Bangladesh's largest crop and the main staple
food for the 180 million people in the country. Furthermore, rice cultivation accounts for
48% of all rural employment (Sayeed and Yunus, 2018). It also provides two�thirds of
the caloric needs of the nation, along with half the protein consumed. Its contribution to
agricultural GDP is about 70%, while its share of national income is one�sixth. In other
words, rice plays a critical role in Bangladesh (Faruqee, 2012).

Moreover, demand for rice has been constantly rising in recent years due to the rising
population. Despite sustained rice production, �ood, drought, and high population density
are creating challenges for the rice production sector in Bangladesh. In 2010, of the 180
million inhabitants in Bangladesh, 33 million were classi�ed as lacking food security. By
2020, this number is estimated to have increased to 37 million. Crop yields in Bangladesh
remain low because of the limited adoption of new innovations by farmers.

3.2 System of Rice Intensi�cation (SRI)

SRI technology is a climate-smart, agro-ecological methodology aimed at increasing
the yield of rice by changing the management of plants, soil, water, and nutrients (Upho�,
2003; Africare, 2008). Speci�cally, the SRI involves early careful planting of single seedlings
with wide spacing in �elds that are not continuously �ooded and have optimum water
management, with actively aerated soil containing a higher proportion of organic matter.
Over time, the expansion of the SRI occurs with much more �exibility, promoting a package
of practices for farmers to test, modify, and adopt as they see �t. While a number of speci�c
practices are associated with the SRI, these should always be tested and varied according
to the local conditions rather than being simply adopted (Upho�, 2003). Proponents of the
SRI claim that its use increases yields, saves water, reduces production costs, and increases
income and that its bene�ts have been observed in 40 countries (Africare, Oxfam America,
WWF-ICRISAT Project, 2010).

heterogeneous costs c, namely if c ∼ G(·), where G(·) is a cumulative distribution function. In
this case, the condition c > β can be replaced by the assumption that the share G(β) of highly
productive agents (i.e., for whom the adoption cost is lower than the expected value of the adoption
bene�t) is su�ciently low.
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To be more precise, the SRI is a management strategy for crop improvement (Stoop
et al., 2002). As Upho� (2016) puts it, �it is a set of ideas and insights for bene�cially
modifying agronomic practices that are based on validated knowledge for increasing the
production of irrigated rice.� Although the SRI is not complex, many farmers have found
it di�cult to adopt because it implies a drastic change in the way they cultivate rice. In
some sense, it is not a new technology because the SRI does not require or depend on the
use of improved or new varieties or on the use of synthetic fertilizers and agrochemical crop
protection to raise output. These inputs can be used with SRI management practices, but
they are not necessary to improve crop productivity. For this reason, the SRI o�ers an
exceptional candidate for studying the spillover e�ects of technology di�usion.

In our experiment, we adopt the approach taken by BRAC in Bangladesh through
experimentation over the past few years. The SRI is more appropriate for use during Boro
season in Bangladesh, as irrigation management is easier during this period.11 However,
as Boro season coincides with winter season when plants grow slowly, BRAC recommends
comparatively older (about 20 days) seedlings in Bangladesh than that recommended in
Africa (10�15 days). For the purpose of this study, we follow the basic principles adopted by
BRAC on SRI practices in Boro season: planting younger seedlings (20-day-old seedlings),
planting single seedling, per hill, planting in wider spacing (25× 20 cm), providing organic
matter as much as possible, following the alternate wetting and drying method of irrigation,
and practicing mechanical weeding at regular intervals.

Despite these clear bene�ts, the adoption of the SRI has been slow and farmers rarely
implement SRI technology on more than half of their land (Moser and Barrett, 2006;
Fafchamps et al., 2018). There are various reasons for this sluggish adoption of the SRI.
First, the SRI is a system rather than a technology, as it contains a set of principles and
guidelines. In other words, it is a methodology for growing rice that di�ers from traditional
practices. There is evidence that farmers are constrained by the information and skills
necessary for local adaptation and must bear greater risks under the SRI than when using
traditional cultivation methods (Barrett et al., 2019). Second, SRI �elds visibly di�er from
traditional rice �elds; hence, social norms and conformity pressures could also discourage
the ultimate adoption decision.

The SRI is new among most farmers in Bangladesh, with only limited scale experimentation
by BRAC. The pilot study by Islam et al. (2012) �nds higher yields of around 50% among
those who adopt the SRI in Bangladesh.12 The SRI has been widely practiced in many

11Boro season is the dry season in Bangladesh from October to March. The word �Boro� in
Bengali means rice cultivation on residual or stored water in low-lying areas (Singh and Singh,
2000).

12These results are not surprising. In a study in Indonesia, Takahashi and Barrett (2014) estimate
that the SRI generates average yield gains of 64% relative to conventional cultivation methods.
Sinha and Talati (2007) �nd that average yields increase by 32% among farmers who partially
adopt the SRI in West Bengal, India. Stygler et al. (2011) show a 66% increase in SRI yields
relative to experimentally controlled plots when using farming methods similar to local rice farmers
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developing countries, and studies based on observational data show signi�cant yield gains
and increased pro�ts associated with its adoption (e.g., Stoop et al., 2002; Barrett et al.,
2004; Sinha and Talati, 2007; Stygler et al., 2011; Takahashi and Barrett, 2014).

3.3 Experimental Design

In collaboration with BRAC, our RCT was conducted over two years (2014/15 and
2015/16) in 182 villages across �ve districts in rural Bangladesh: Kishoreganj, Pabna,
Lalmonirat, Gopalgonj, and Shirajgonj. The blue areas in Figure B1 in Online Appendix
B depict the location of these districts in Bangladesh. The 182 villages were randomized
into 62 villages randomly assigned to a control treatment without training and 120 villages
randomly assigned to each of the two treatments (T1 and T2).

Among the 120 villages randomly selected for SRI training, we randomly selected about
30 farmers (28�35 farmers) from each village. A census was conducted by BRAC local o�ces
in 2014 before Boro season to generate a list of all farmers in these villages who cultivated
rice in the previous Boro season and owned at least half an acre but not more than 10 acres
of land.13 Following the selection of farmers for training, local BRAC sta� members and
enumerators visited farmers' homes and invited them to SRI training with a letter from
BRAC. Farmers were also brie�y informed about the purpose of the training. All farmers
received a fee (BDT 300) for their participation in the training. This fee is slightly more
than the rural agricultural daily wage. Trainers were existing BRAC agricultural o�cers at
the �eld level. Agricultural scientists who had previously worked on the SRI elsewhere in
Bangladesh trained these trainers. Enumerators and �eld workers supported the trainers
in conducting the training sessions and the pre- and post-training interviews.

The 120 villages were randomly divided into one year and two years of training. Sixty
villages were randomly allocated to one year of training (referred to as T1 villages) and
treated farmers only received one-time training in year 1. This training lasted for a day,
and was disseminated via a media presentation and video demonstration to teach farmers
about the principles of SRI technology. For the other 60 villages (referred to as T2 villages),
treated farmers received the same training twice, namely they received training in both the
�rst and the second years. There were two training sessions in year 2. In the �rst session,
the topics of discussion were case studies of successful adoption from the �rst year of the
intervention. The session also included discussions with local farmers about the training
in year 1 and rice cultivation practices as well as constraints that a�ected their decision to
adopt the SRI in year 1. In the second session, BRAC trainers provided the same training
as in year 1 and attempted to ensure that farmers had a clear understanding of the key

in Mali. Barrett et al. (2004) �nd that SRI yields are 84% higher than traditional practices by the
same farmers on other plots in Madagascar.

13Farmers with less than half an acre of land were excluded, as they are usually seasonal farmers.
Similarly, farmers with more than 10 acres were not considered for SRI training, as they are land-rich
farmers in Bangladesh.
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principles and practices of the SRI. Hence, farmers who were trained twice in T2 villages had
a much better understanding of the rules and principles of the SRI, which imply changing
practices for irrigated rice cultivation.

As the objective of this study is to analyze how treated farmers in�uence untreated
farmers, in each village, the 30 farmers were randomly divided into two groups: treated
(one year T1 or two-year T2) and untreated (NT ). To guarantee that the variation in the
number of treated farmers across villages was purely random, the number of treated farmers
randomly selected in each village was di�erent, varying between 10 and 30. Although
untreated farmers did not receive any training, they live in the same villages as their
treated peers.14 On average, there were 18 treated farmers and 12 untreated farmers in
each village. Table B1 in Online Appendix B displays the number of farmers randomized
into the treated and untreated groups. Among the 3,630 farmers in these 120 villages, 2,226
were treated (1,060 for one year of training and 1,166 for two years of training) and 1,404
were untreated.

4 Data and econometric model

4.1 Data and balance checks

Initially, a baseline survey was conducted among the 3,630 farmers in the 120 villages,
focusing on collecting individual characteristics such as age, income, education, amount of
cultivable land, household size, and occupation. Table B2 in Online Appendix B presents
the di�erent characteristics of treated and untreated farmers. We see that the level of
education is low (on average, farmers attend school up to year 4), household size is relatively
high (�ve members on average), and farmers tend to work on their own farms.

To check if the randomization between treated and untreated farmers is successful, we
examine whether their characteristics are the same for treated and untreated farmers within
villages and for T1 and T2 farmers between villages. As is standard, we conduct a t−test
to compare the group means of these characteristics.

Table B2 reports the balance checks of the observable characteristics between treated
and untreated farmers, while Table B3 reports the same results but between T1− and
T2−treated farmers. We observe no signi�cant di�erences in the observable characteristics
between these di�erent treatments. Overall, treated and untreated farmers are observationally
similar within the treatment villages and treated farmers are observationally similar between
T1 and T2 villages.

14The selection of farmers was based on geographical location; thus, we usually surveyed one
neighborhood from each village to guarantee that farmers are geographically close to each other.
As farmers are invited to attend training sessions on the SRI, their proximity makes it easier to
organize and collect responses from participants.
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4.2 Outcome variable

Our outcome variable is the adoption decision of untreated farmers, which we denoted
by the binary variable A = 1, 0 in the theoretical model. In the econometric model, we
denote it by yNTi,v,t. This is a dummy variable that takes a value of 1 if untreated (NT )
farmer i, residing in village v = T1, T2, decides to adopt SRI technology in year t = 1, 2
and 0 otherwise. Observe that we use time t as a subscript because we want to compare
the adoption rate of untreated farmers residing in T1−treated villages (in which treated
farmers received one year of training) and in T2−treated villages (in which treated farmers
received two years of training). Consequently, in both T1− and T2−treated villages, yNTi,v,t
takes two values, one at t = 1 and one at t = 2. Thus, given that the random allocation of
training of farmers occurred either once in year 1 (treatment T1) or twice in years 1 and
2 (treatment T2), we have a panel in which the same 3,630 farmers are observed for two
years.

As the SRI adoption requires following certain principles and practices, we measured
the SRI adoption using veri�cation in the planting and pre-harvesting periods by �eld visits.
The research team hired enumerators who worked with BRAC �eld sta� to verify the SRI
adoption. Enumerators, supported by BRAC �eld sta�, identi�ed farmers in the villages
as well as went to the rice �elds to observe the adoption. Speci�cally, we conducted a �eld
survey to observe compliance with SRI practices and principles. We then determined the
SRI adoption on the basis of plot visits by enumerators and BRAC �eld o�cers, who helped
verify visually whether the farmer adopted SRI techniques on any of his cultivable rice plots
during Boro season. A farmer was considered to be an SRI adopter if both the enumerator
and the BRAC �eld o�cer observed that the farmer practiced any of the three key SRI
practices (early planting, using single seedling plants, and wide spacing) on at least one plot
of land. We used the mid-season veri�ed observations of SRI practices rather than farmer

self-reports. As a robustness check, we also used several other de�nitions of adoption, but
found no qualitative di�erences between these measures.

Table 1 reports the average adoption rate by treatment group and time. First, on
average, signi�cantly more treated farmers adopt SRI technology (between 32% and 48%)
than untreated farmers (between 7% and 10%). This di�erence means that training has a
direct impact on adoption. Second, at the end of year 2, farmers with two years of training
adopt more than those with one year of training (45.8% versus 32.6%), even if this di�erence
is not signi�cant after one year, as in that case, both farmers received the same training.
Finally, and more importantly for our analysis, untreated farmers do not adopt more when
residing in T2−treated villages than T1−treated villages after one year. However, they do
signi�cantly adopt more after two years (on average, yNTi,T2,2 = 9.53% > 6.89% = yNTi,T1,2).
This suggests that exposure to farmers receiving more training makes an untreated farmer
more likely to adopt SRI technology.
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Table 1: Adoption rates of farmers by treatment group and time
End of year 1 End of year 2 Observations

Treated farmers in T1 villages 47.98% 32.6% 1,060
Treated farmers in T2 villages 47.25% 45.8% 1,166
Untreated farmers in T1 villages 7.03% 6.89% 745
Untreated farmers in T2 villages 7.59% 9.53% 659

Table 1 also indicates that the adoption rates are relatively high, especially for treated
farmers. Let us now show that SRI technology is, indeed, bene�cial for farmers in terms
of yields. Table 2 shows that there is a signi�cant positive di�erence in terms of yields
between the 120 villages that were treated (T1 or T2) and the 62 villages that were not
(control villages).

Table 2: Yield di�erence between treated (T1 and T2) and control villages
Treated Control T-statistic P-value

Mean S.D Mean S.D

Yield (kg per decimal of land) 25.38 (6.01) 22.13 (4.95) 26.33 0.000
Observations 3,630 1,856

Notes: Yield is de�ned as the amount of rice cultivated in one decimal of land, measured in kg. It is the total amount
of rice cultivated (kg) divided by the total amount of land (decimal).

Within the 120 treated villages, Table 3 reports that the farmers who adopt the SRI do
produce higher yields than the farmers who do not. As a result, SRI technology does provide
more rice production and yield to adopters. This is direct evidence that SRI technology
is bene�cial for farmers, which has also been shown by Islam et al. (2012) for Bangladesh
and by others for di�erent countries (see footnote 12).

Table 3: Yield di�erence between adopters and non-adopters in treated villages
Adopters Non-Adopters T-stat P-value

Mean S.D Mean S.D

Yield (kg per decimal of land) 25.84 (6.16) 25.16 (5.96) 4.23 0.000
Observations 1,615 2,015

Notes: Yield is de�ned as the amount of rice cultivated in one decimal of land, measured in kg. It is the total amount
of rice cultivated (kg) divided by the total amount of land (decimal). A farmer is de�ned as an adopter if he adopted
in year 1, year 2, or both.

4.3 Exposure rate

Following our theoretical model, our main explanatory variable is the exposure rate p
measured as the percentage of treated farmers in a village. For untreated farmer i living in
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village v = T1, T2, his exposure rate is de�ned as

p := pTi,v =
NT
i,v

NT
i,v +NNT

i,v

× 100%, (14)

where NT
i,v and NNT

i,v refer, respectively to the number of treated farmers and untreated

farmers in village v in which untreated farmer i resides. Thus, pTi,v is the percentage of
treated farmers in village v. According to our experimental setting, there are two key
properties of p := pTi,v. First, pTi,v is not indexed by time because the randomization is
implemented only once; therefore, the exposure rate does not change over time. As a
result, pTi,v is a time-invariant variable that is the same for a given untreated farmer for
two years. Second, according to the questionnaire results, 99.99% of our farmers know each
other in the same village because we select them from the same neighborhood. Therefore,
for all untreated farmers residing in village v, their exposure rate pTi,v should be the same.

Figure B2 in Online Appendix B shows the distribution of pTv between T1 villages (blue
dashed curve) and T2 villages (red solid curve) to see if they are the same across villages. We
observe that they look similar and (roughly) normally distributed. To test this similarity,
in Table B4, we perform a t−test and the Kolmogorov�Smirnov (K-S) test.15 We see that
there is no signi�cant di�erence in pTv between T1 and T2 villages and that the p−value of
each test is greater than 0.05. As a result, we can conclude that the two distributions of
pTv between T1 and T2 villages are similar.

4.4 Econometric model

We now empirically test parts (i) and (ii) of Proposition 1. The econometric equivalent
of these two results can be written as a pooled OLS model, which is given by16

yNTi,v,t = α0 + α1p
T
i,v +X

′
i,vβ + θt + εi,v,t, (15)

where yNTi,v,t is a dummy variable equal to 1 if untreated farmer i residing in village v = T1, T2
adopts SRI technology in year t = 1, 2 and 0 otherwise. This corresponds to A ∈ {0, 1}
in the theoretical model and captures the binary choice of untreated farmer i residing in
village v who decides whether to adopt SRI technology in year t. Moreover, pTi,v is de�ned

in (14), X
′
i,v are the exogenous characteristics of farmer i residing in village v,17 including

15The K-S test is a non-parametric test of the equality of continuous, one-dimensional probability
distributions that can be used to compare two samples.

16All our results remain the same if we estimate a pooled probit model instead of the pooled OLS
model (15). These results are available upon request.

17As stated in footnote 10, we can easily extend our theoretical model by including farmers with
heterogeneous costs of adopting c. In that case, this heterogeneity captures the heterogeneity in
characteristics Xi,v described in (15).
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age, income, land size, household size, occupation, and education, εi,v,t is an error term,
and θt are the year �xed e�ects. Indeed, to account for a year-speci�c aggregate shock, we
use a year dummy such that t = 0 corresponds to year 1 and t = 1 represents year 2. In all
our regressions, standard errors are clustered at the village level.

According to part (i) of Proposition 1, we expect that α1 > 0. Second, according to
part (ii) of Proposition 1, if we run (15) separately for the two samples of treated villages,
we expect the α1 obtained for the 60 T2−treated villages to be larger and more signi�cant
than the α1 obtained for the 60 T1−treated villages.

5 Empirical results

5.1 Main Results

Table 4 displays the results of the estimation of equation (15). Columns (1), (2), and (3)
report these results for the 120 villages by increasing the number of control variables. We
see that the main coe�cient of interest, α1 in (15), is highly signi�cant (at the 1% level),
does not change when we add controls, and is equal to 0.22. Thus, an increase of 10%
in treated farmers in a village increases the average adoption rate for an untreated farmer
residing in the same village by 2.2%. According to our model, this means that untreated
farmers tend to adopt more when they receive reliable information about SRI technology
from treated farmers who have received either one or two years of training.

Next, we split the 120 villages into two groups, namely T1−treated villages in which
farmers received one year of training and T2−treated villages in which farmers received
two years of training, and estimate equation (15) separately for each sample of 60 villages.
As predicted by part (ii) of Proposition 1, α1 becomes insigni�cant for T1−treated villages
(columns (4), (5), and (6)) and is positive and signi�cant at the 1% level for T2−treated
villages (columns (7), (8), and (9)). In fact, the coe�cient α1 is larger in magnitude than
for the general regression, since an increase of 10% in T2−treated farmers in a village now
increases the rate of adopting SRI technology for an untreated farmer residing in the same
village by 4.21%.18

To visualize these results, we report the 95% con�dence intervals of each regression for
the whole distribution of pTi,v. Figure 1 displays this distribution for the 120 villages (blue
curve), 60 T1 villages (red curve), and 60 T2 villages (green curve). If we consider this
distribution for the 120 villages, we see that in villages in which pTi,v, the percentage of

18In Table 4, we do not control for the total number of farmers (treated plus untreated plus other
farmers) in each village. Indeed, the number of farmers does vary from village to village. Figure
B3 in Online Appendix B displays the distribution of farmers, showing that it di�ers between T1
and T2 villages. As a result, we estimate equation (15) but control for the total number of farmers
in each village. Table B5 in Online Appendix B displays the results, which are basically the same
as those in Table 4.
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treated farmers is 40%, the (predicted) adoption rate of untreated farmers is 5%, and when
pTi,v is equal to 80%, the (predicted) adoption rate is close to 22%. For T1 villages, these
numbers are, respectively 6% and 10%, while for T2 villages, we obtain 3% and 36%. In
other words, the e�ect of increasing pTi,v on the adoption rate is small and the curve is �at
for T1 villages, while the e�ect is large and the curve is steep for T2 villages.

Figure 1: Distribution of pTi,v,t between di�erent villages

Remember (see Section 3.2) that although SRI technology is not complex, the practices
for using it di�er from those of traditional methods. As a result, many farmers have found it
di�cult to adopt because it implies a drastic change in the way farmers are used to cultivate
rice. Therefore, farmers are naturally reluctant to adopt SRI technology. Remember also
that we are studying the behavior of farmers in the neighborhood of a village; therefore,
these farmers know each other (treated and untreated) and form close-knit communities.
Table 4 shows that providing longer training on the SRI has not only a direct impact
on trained farmers (Fafchamps et al., 2018), but also spills over to other farmers in the
village who did not receive any training (untreated). This e�ect is important. The more
an untreated farmer is �exposed� to farmers with two years of training, the more likely he
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is to adopt SRI technology.19

According to our model, this is because T2−treated farmers provide untreated farmers
with more accurate and more precise information on the SRI since the lower is the variance
σ2
θ in the �noise� εθ of the quality of the technology, the more accurate is the information

transmitted to the untreated farmer and the more likely the latter is to adopt SRI technology.
Indeed, when farmers are trained two years in a row, they are more able to explain the
principles involved in SRI practices, which need to be followed carefully because, unlike
most current agricultural technologies, the SRI is not based on material inputs. Instead, it
involves mostly mental changes and new ways of thinking.

5.2 Understanding the mechanism of adoption

Our primary results show that the more an untreated farmer is �exposed� to well-trained
farmers in the village in which he lives, the more likely he is to adopt SRI technology.
The accuracy of information transmission regarding SRI technology is the primary channel
through which this occurs. In this section, we therefore investigate this mechanism further
by running regressions on di�erent subsamples and ruling out other possible mechanisms.

5.2.1 E�ect of frequency of communication

In our baseline survey, we collected data on the frequency of communication among
farmers. Speci�cally, we asked if they interact daily, weekly, monthly, yearly, or never.
The discussion involves communicating crop experience (which includes the price and type
of crop) or other agricultural issues (which include weather, agricultural inputs, and �eld
practices). Table B6 in Online Appendix B provides the interactions between farmers in
the 120 villages. We �nd that 69% of farmers discuss agricultural issues at least once a
month and 39.8% discuss them daily or weekly. Therefore, unsurprisingly, there is much
interaction between farmers, as they all belong to the same neighborhood.

We now estimate equation (15) using a di�erent de�nition of pTi,v than the one in (14).
We de�ne the exposure rate as follows:

pTi,v,d =
NT
i,v,d

NT
i,v +NNT

i,v

× 100%,

where d = {daily, weekly,myn} (myn means either monthly, yearly, or never) is the
frequency of discussion between farmers, so that pTi,v,d is the percentage of treated farmers
in village v who interact at frequency d with untreated farmer i who also resides in village

19Recall that our RCT was conducted in �ve poor rural districts of Bangladesh (Kishoreganj,
Pabna, Lalmonirat, Gopalgonj, and Shirajgonj), where the main farming activity is rice cultivation.
Consequently, when SRI technology was introduced in these districts, farmers could not switch to
cultivating other crops.
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Table 5: Impact of the frequency of interactions on the adoption rate of untreated farmers
120 villages 60 villages (T1) 60 villages (T2)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

pTi,v,daily 0.234* 0.108 0.359*

(0.120) (0.116) (0.200)

pTi,v,weekly 0.185*** 0.220*** 0.169***

(0.0412) (0.0573) (0.0586)

pTi,v,myn 0.0442 0.0209 0.0963

(0.0496) (0.0629) (0.0682)

Observations 2,808 2,808 2,808 1,490 1,490 1,490 1,318 1,318 1,318

Notes: The dependent variable is the adoption decision of untreated farmers across two years. This is a dummy
variable that equals 1 if an untreated farmer adopted in year t (t = 1, 2) and 0 if he did not. Each regression includes
year dummies and all six control variables in Table 4. Standard errors are clustered at the village level and reported
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

v. Clearly, Ni,v,d ≤ NT
i,v, since among all treated farmers residing in village v as i (i.e.,

NT
i,v), Ni,v,d is the number of farmers who discuss with i at frequency d. This implies that

pTi,v,d ≤ pTi,v,d. We estimate (15) but with pTi,v,d instead of pTi,v. Table 5 presents the results .
First, in comparison to Table 4, we �nd that the general e�ect of exposure (columns

(1), (2), and (3)) is highly signi�cant only when farmers interact either daily or weekly but
not when they interact monthly, yearly, or never. In addition, the coe�cient is much larger
for pTi,v,daily than for pTi,v,weekly. Second, distinguishing between one year and two years
of training, we �nd that compared with Table 4, even in T1−treated villages, there is a
signi�cant e�ect of pTi,v,d on the adoption rate of an untreated farmer for weekly interactions.
Finally, the magnitude of the coe�cient α1 always decreases when farmers interact less
frequently.

All this evidence seems to con�rm our information story, as formally modeled in Section
2. Indeed, when untreated farmers obtain accurate information from treated farmers
through frequent interactions, they are more likely to adopt the SRI methodology. Interestingly,
even if treated farmers only receive one year of training, they may still have a positive and
signi�cant impact on the adoption rate of those untreated farmers who discuss with their
peers at a su�ciently high frequency.

These results can be interpreted as follows: the more treated farmers interact with
untreated farmers and/or the more trained are treated farmers, the lower is the variance σ2

θ

in the �noise� εθ of the quality of the technology and the more accurate is the information
transmitted to the untreated farmer. In particular, they are more able to explain the
advantages of the SRI technology and how to implement it.
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5.2.2 E�ect of �nancial relationships

In our baseline survey, we collected information on another important social interaction
between farmers in a village, that is, the �nancial relationship. We suppose that two farmers
have a �nancial relationship if they have borrowed or lent money to each other or have
discussed �nancial issues in the last six months. Table B7 in Online Appendix B supplies
some summary statistics. On average, each untreated farmer has 4.5 peers with whom he
has borrowed or lent money or discussed �nancial issues. Furthermore, 70% of farmers have
lent or borrowed money from each other and 52% have at least two �nance-related peers.
Therefore, most farmers in these villages have some kind of �nancial relationship with each
other.

We now de�ne the exposure level as follows:

pTi,v,finance =
NT
i,v,finance

NT
i,v +NNT

i,v

× 100%,

where NT
i,v,finance is the number of treated farmers who borrowed or lent money or discussed

�nancial issues in the last six months with farmer i residing in village v. As above, we
estimate (15) but with pTi,v,finance instead of pTi,v. Table 6 presents the results.

We obtain similar results to the case of farmers who frequently discuss agricultural
issues with untreated farmers (Table 5). Indeed, contrary to Table 4, famers with one
year of training have a signi�cant impact on the adoption rate of untreated farmers. In
addition, the magnitude of the e�ect is larger than that in the general case (Table 4) because
untreated farmers focus more on farmers with whom they interact than a �random� farmer in
the village. Consequently, when a farmer with one year of training, who discusses �nancial
issues with untreated farmers, provides information about SRI technology to an untreated
farmer, the latter considers this information to be accurate and is therefore more likely to
adopt SRI technology.

Table 6: Impact of �nance-related peers on adoption rate of untreated farmers
120 villages 60 villages (T1) 60 villages (T2)

pTi,v,finance 0.296*** 0.196*** 0.433**

Observations 2,808 1,490 1,318

Notes: The dependent variable is the adoption decision of untreated farmers across two years. This is a dummy
variable that equals 1 if an untreated farmer adopted in year t (t = 1, 2) and 0 if he did not. Each regression includes
year dummies and all six control variables in Table 4. Standard errors are clustered at the village level and reported
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

5.2.3 Alternative mechanism

So far, we have shown that the quality of information is crucial in encouraging untreated
farmers to adopt SRI technology. There may be another mechanism. For example, farmers
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who have two years of training (T2 villages) may produce more rice and have higher yields
than farmers with one year of training (T1 villages). In that case, untreated farmers would
adopt more in T2 villages than in T1 villages not because of better information quality
about SRI technology but because they observe higher rice production. Let us rule out this
possibility.

Tables 7 and 8 show no di�erence in rice production and yields between T1 and T2
villages, even though T2 villages have received more training on SRI technology. This
con�rms the idea that spillover e�ects operate mainly through information transmission
rather than imitating more productive farmers. This is intuitive since the training only
helps farmers understand SRI technology and decide whether to adopt it. However, once
someone adopts, independently of his training, the production of rice using SRI technology
is the same. It is also higher than the rice production of farmers who did not adopt SRI
technology (Table 3). In other words, farmers with two years of training in T2 villages
are not better at using the SRI than farmers with one year of training in T1 villages but
are better at explaining how to use it to their untrained peers by providing more accurate
information about the technology and thus convincing their peers to adopt it.

Table 7: Rice production di�erence between T1 and T2 villages
Amount of cultivated rice (kg) T1 T2 T-statistic P-value

Mean S.D Mean S.D

All farmers 1736 (1344) 1763 (1357) -0.81 0.79
Farmers who receive training 1759 (1286) 1750 (1284) 0.23 0.40

Farmers who adopt 1955 (1166) 1883 (1149) 1.38 0.08
Farmers who are trained and adopted 1909 (1172) 1838 (1088) 1.33 0.02

Notes: The amount of cultivated rice is the total rice crop (kg) that a farmer obtains from all his cultivated land.
This is the sum of rice crops for all plots of land for each farmer.

Table 8: Yield di�erence between T1 and T2 villages
Amount of cultivated rice (kg) T1 T2 T-statistic P-value

Mean S.D Mean S.D

All farmers 25.34 (6.15) 25.42 (5.87) -0.52 0.7
Farmers who receive training 25.51 (5.94) 25.63 (6.21) -0.57 0.28

Farmers who adopt 25.66 (0.18) 26.02 (6.17) -1.31 0.09
Farmers who are trained and adopted 25.63 (6.13) 26 (6.26) -1.26 0.10

Notes: Yield is de�ned as the amount of rice cultivated in one decimal of land, measured in kg. This is the total
amount of rice cultivated (kg) divided by the total amount of land (decimal).

To summarize, the di�erent analyses in this section seem to con�rm our information
mechanism from the theoretical model: untreated farmers are more likely to adopt if they
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obtain more precise and accurate information about SRI technology from their treated
peers. In particular, we have shown that the source and reliability of information is
important because untreated farmers will be more likely to adopt SRI technology if they
trust the person transmitting this information. In the general case (Table 4), in the absence
of a special relationship between treated and untreated farmers, only those with two years
of training provide accurate information about the quality of SRI technology. However,
as soon as we focus on peers with whom the untreated farmer discusses agricultural or
�nancial issues, the duration of the training seems to become less important, as untreated
farmers tend to trust farmers with whom they have professional contact on agricultural or
�nancial issues. We have also shown that this is not because more trained farmers produce
more rice than less trained ones.

6 The role of risk aversion in technology adoption

Thus far, our analysis has explained how and why untreated farmers adopt SRI technology.
However, the analysis has lacked one crucial element: the degree of risk aversion of untreated
farmers. Risk aversion plays an important role in technology adoption (e.g., Ghadim et
al., 2005; Koundouri et al., 2006; Genius et al., 2013), especially in the poor districts in
Bangladesh in which we conduct our experiment. This is what we want to investigate both
theoretically and empirically.

6.1 Extending the theory

Let us extend our model presented in Section 2 by considering risk-averse instead of
risk-neutral farmers. For simplicity, we assume that conditional on meeting a θ−type agent
(θ = {T,NT}), all individuals share the same constant von Neumann�Morgenstern utility
function with constant absolute risk aversion:

U(A | θ) := E [u(z) | sT ] , u(z) :=
1− exp(−δz)

δ
, (16)

where z is de�ned by (7), while δ > 0 is the risk aversion parameter.20 As each farmer
faces a conditional distribution, b | sT , of the bene�t of adoption, the utility level U(. | θ) is
a random variable, and its value depends on the type of farmer (treated or untreated) with
whom an untreated farmer interacts.

Since payo�s are normally distributed, we can show (e.g., Sargent, 1987, pp. 154�155)
that preferences (16) can be equivalently represented by the following utility function:

U(A | θ) =

{
E(b | sθ)− c− δ

2Var (b | sθ) , if A = 1,

0, if A = 0.
(17)

20In the limit case when δ → 0, we fall back to the case of risk-neutral agents. Indeed, as δ → 0,
the Bernoulli function u(z) becomes linear: limδ→0 u(z) = z, which is equivalent to risk neutrality.
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Equation (17) implies that the expected utility U(A | θ) of adoption conditional on meeting
a θ−type agent is mean-variance utility, namely it only depends on the conditional mean
and conditional variance in the uncertain adoption bene�t b. Throughout this section, we
assume that

δ > δ := max{0, 2(β − c)/σ2
b}, (18)

which becomes (9) in the limit case of risk-neutral agents (δ → 1). (18) is less demanding
than (9) since the latter implies the former. This is because, now, a farmer who has
other information than the distribution of the bene�ts will not adopt if he is su�ciently
risk-averse. In particular, if c > β, a risk-neutral farmer will not adopt, and a fortiori, a
risk-averse farmer will be even less willing to adopt.

For θ = {T,NT}, the conditional probabilities of adoption are now given by

P{A = 1 | θ} = P
{
E(b | sθ) > c+

δ

2
Var (b | sθ)

}
. (19)

The following proposition shows how taking risk aversion into account a�ects the main
predictions of the model.

Proposition 2 Assume that (4) and (18) hold and that all farmers exhibit risk aversion

captured by mean-variance utility (17).

(i) In each village, the adoption rate of untreated farmers increases with the exposure

rate.

(ii) In each village, the adoption rate of untreated farmers decreases with δ, the degree of
risk aversion.

(iii) In a T2-treated village, the impact of the exposure rate on the adoption rate of

untreated farmers is higher than that in a T1-treated village.

(iv) When farmers are su�ciently risk-averse, the higher the degree of risk aversion, the

lower is the impact of the exposure rate on the adoption rate of untreated farmers,

∂2P{A = 1}
∂p ∂δ

< 0. (20)

Parts (i) and (iii) of Proposition 2 share the same intuition as parts (i) and (ii) of
Proposition 1. With risk aversion, we have two new results. First, according to part (iii),
when agents become more risk-averse, they are less likely to adopt the new technology.
This is because since the outcome is uncertain, more risk-averse farmers prefer the �safe�
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lottery, which is to not adopt.21 In part (iv), we investigate the cross-e�ect of p and δ on
the adoption rate of an untreated farmer. Indeed, if farmers are su�ciently risk-averse,
when risk aversion increases, the impact of the proportion of treated farmers (the exposure
rate) on the adoption rate of untreated farmers is lower. This is because when a farmer is
very risk-averse, his treated peers in the village do not have a large impact on his adoption
rate and therefore the marginal e�ect is smaller.

6.2 Empirical test and results

Let us now test these theoretical results, especially parts (ii) and (iv) of Proposition 2,
which are new.

6.2.1 Measuring risk attitude of farmers

We asked all farmers in our �eld experiment to answer two questions about their risk-
taking attitudes.22 The �rst question is: �In daily life how much risk do you like to take?�
The answers range from 1 to 10. If a farmer answers 1, it indicates that his risk attitude
is low and he is willing to take little risk in his daily life. On the contrary , if a farmer
answers 10, it means that his risk attitude is high and he is ready to take risk in his daily
life. The second question is: �When cultivating, how much risk do you like to take?� The
answers also range from 1 to 10, where a higher number means more risk-taking.

Figure B4 in Appendix B provides the distribution of the 3,630 farmers' risk attitudes in
the 120 treatment villages. We see that 28% of farmers report a 9 or 10 for their risk-taking
in daily life. On average, they report taking a risk of 7.6 in daily life. Figure B5 shows
a similar �gure but for risk attitudes in cultivation activity. The numbers are relatively
similar even though 31% of farmers report a 9 or 10. Figures B6 and B7 display the same
distributions but for the 1,404 untreated farmers only. The numbers are similar but the
percentages of (untreated) farmers with high risk attitudes are lower.

6.2.2 De�ning risk attitudes

We say that a farmer is risk-loving if he answered a 9 or 10 to both questions. Otherwise,
he is considered to be risk-averse. Table B8 in Appendix B shows that the percentage of risk-

21Formally speaking, the higher the risk aversion δ, the lower is the certainty equivalent of the
lottery associated with the adoption tradeo�.

22Contrary to the literature that shows that risk aversion has a negative e�ect on technology
adoption (e.g., Ghadim et al., 2005; Koundouri et al., 2006; Genius et al., 2013), where risk is
indirectly measured through the variation in each farmer's production or pro�t, we here directly

measure the risk attitudes of farmers through a survey. For example, Koundouri et al. (2006)
measure the �production� risk of each farmer by calculating the variance in each farmer's pro�t
and by assuming that farmers who experience high variance in their current pro�ts face higher
production risk.
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loving farmers is slightly smaller for untreated farmers (19.66%) than for treated farmers
(24.17%).23

6.2.3 Econometric model

We can now test Proposition 2 by extending our pooled OLS model (15) to

yNTi,v,t = α0 + α1p
T
i,v + α2δ

NT
i,v + α3(δNTi,v × pTi,v) +X

′
i,vβ + θt + εi,v,t, (21)

where δNTi,v indicates the risk attitude of untreated farmer i in village v = T1, T2. δNTi,v is a

dummy variable: it is equal to 0 (δNTi,v = 0) if the farmer is risk-loving (i.e., if he answered a

9 or 10 to both questions) and 1 (δNTi,v = 1) if the farmer is risk-averse (i.e., if he answered
otherwise). All the other variables are de�ned as in (15).

According to Proposition 2, we should expect α1 > 0, α2 < 0, α3 < 0 and a higher
value of α1 when comparing the 60 T2−treated villages with the 60 T1−treated villages.

6.2.4 Empirical results

Table 9 displays the results of the estimation of equation (21), which has the same
structure as Table 4 in terms of dividing the total sample into the 60 T1 villages and 60
T2 villages.

23We also run another analysis in which we de�ned a risk-loving farmer as someone who answered
a 10 to both questions. In this more extreme de�nition, only 10.83% and 12.04% of untreated and
treated farmers are risk-loving, respectively. However, using this de�nition, the results of the
empirical analysis are qualitatively the same as in Table 9. They can be found in Table B9 in
Appendix B.
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There are four columns for each regression. The �rst columns (i.e., columns (1), (5), and
(9)) report the direct e�ect of pTi,v on yNTi,v,t and correspond to columns (3), (6), and (9) in

Table 4. As in the latter, in the 120 and 60 T2 villages, we �nd that pTi,v, the percentage of

untreated farmers, has a positive and signi�cant impact on yNTi,v,t, the probability of adopting
SRI technology for untreated farmers residing in the same village.

The second columns (i.e., columns (2), (6), and (10)) report the direct e�ect of δNTi,v , the

degree of the risk aversion of an untreated farmer, on yNTi,v,t. As predicted by Proposition

2, we observe that the more risk-averse is an untreated farmer (i.e., higher δNTi,v ), the less
likely he is to adopt SRI technology. This is because adopting the SRI is risky, as it involves
mostly mental changes and new ways of thinking. The third columns (i.e., columns (3),
(7), and (11)) combine pTi,v and δ

NT
i,v in the same regression. The results are robust.

The last columns (i.e., columns (4), (8), and (12)) introduce the cross-e�ect δNTi,v × pTi,v
into the regression. As predicted by Proposition 2, this is always signi�cant and negative.
Hence, when the proportion of treated farmers increases, more untreated farmers adopt
SRI technology; however, the more risk-averse they are, the lower is this impact on the
adoption rate of untreated farmers.

As a robustness check, in Appendix C, we measure farmers' risk attitudes by making
them play a lottery game similar to that of Binswanger (1980). Unfortunately, as only
treated farmers played this game, we could directly measure risk attitudes only for treated
farmers. However, because untreated and treated farmers were randomly assigned and the
distribution of their observable characteristics is similar, we could then predict the risk
attitudes of untreated farmers by matching their observable characteristics with those of
treated farmers. The estimation results in Table C4 in Appendix C show that the results
are relatively similar to those in Table 9. In particular, there is still a direct negative e�ect
of risk aversion and a negative cross-e�ect of risk aversion and peers on the adoption rate
of untreated farmers.

More generally, our results show that risk aversion deters untreated farmers from
adopting SRI technology and can reduce the impact of the information transmission of
treated farmers on the adoption rate of untreated farmers. As stated above, this is because
the SRI imposes a certain set of rules and practices (e.g., planting young seedlings, having
wider spacing between plants, having the soil in the �eld kept moist but not continuously
�ooded; see Upho�, 2016) that are not standard and thus involves mental changes and new
ways of thinking. Risk-averse farmers are therefore reluctant to adopt it and are also less
likely to listen to other farmers, even if the latter have been trained on the SRI.
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7 Impact of social norms and peers on adopting the

SRI

We have thus far tested the models developed in Sections 2 and 6 in which we highlighted
the importance of the quality and reliability of information about SRI technology transmitted
from treated farmers to untreated farmers. However, as mentioned in Section 3.2, SRI �elds
visibly di�er from traditional rice �elds; hence, there is additional pressure from peers not
to adopt this norm in the village. To better understand this issue, we next investigate how
the adoption decision of treated farmers (and not the percentage of treated farmers, as
above) a�ects the adoption decision of untreated farmers.

Essentially, we now estimate the following pooled OLS equation:

yNTi,v,t = α0 + α1p
T
i,v,t,A +X

′
i,vβ + θt + εi,v,t, (22)

where, as before, yNTi,v,t is a dummy variable equal to 1 if untreated farmer i residing in
village v adopts SRI technology at time t and 0 otherwise. However, now,

pTi,v,t,A =
NT
i,v,t,A

NT
i,v +NNT

i,v

× 100%

is the proportion of treated farmers living in village v who adopt SRI technology at time t
(the subscript A stands for �Adoption�) and NT

i,v,t,A is the number of treated farmers living
in village v who adopt SRI technology at time t. The problem of estimating (22) with OLS
is that pTi,v,t,A is endogenous; hence, the OLS estimation would be biased. Therefore, we

instrument pTi,v,t,A by pTi,v, the proportion of treated farmers in village v, which is exogenous,
and run a 2SLS estimation.

Precisely, in the �rst stage, we estimate the following equation:

pTi,v,t,A = ω0 + ω1p
T
i,v +X

′
i,vβ + θt + µi,v,t. (23)

From the estimation of equation (23), we obtain p̂Ti,v,t,A. In the second stage, we estimate
the following equation:

yNTi,v,t = α0 + α1p̂
T
i,v,t,A +X

′
i,vβ + θt + εi,v,t. (24)

Table 10 presents the results of the �rst stage.24 We �nd that independently of which
villages are treated, the �rst stage is strong, as there is a positive and signi�cant impact of
pTi,v, the proportion of treated farmers, on pTi,v,t,A, the proportion of treated farmers living
in village v who adopt SRI technology at time t. This should not come as a surprise, as
Table 1 showed that treated farmers are much more likely to adopt than untreated farmers.

24The complete table with all the control variables can be found in Table B10 in Appendix B.
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Table 10: First stage: Peer e�ects
120 villages 60 villages (T1) 60 villages (T2)

pTi,v 0.634*** 0.533*** 0.748***

Observations 2,808 1,490 1,318

Notes: The dependent variable is the proportion of treated farmers who adopt SRI technology. Each regression
includes year dummies and all six control variables in Table 4. Standard errors are clustered at the village level and
reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Table 11 reports the results of the second stage.25 As in our baseline econometric
speci�cation (Table 4), even when farmers with only one year of training adopt the new
technology, they have no impact on the adoption rate of untreated farmers. This gives us
additional con�dence that the mechanism at work is the one highlighted in the theoretical
model; therefore, the adoption rate of untreated farmers is driven by the transmission of
information about the quality and cost of SRI technology but also by social norms and peer
e�ects. Indeed, farmers with two years of training and who adopt SRI technology have
the most accurate and reliable information. Moreover, as stated in Section 3.1, SRI �elds
visibly di�er from traditional rice �elds; hence, social norms and conformity pressures could
also discourage the ultimate adoption decision. The results in this section show that peer
e�ects and social norms do indeed matter: an increase of 10% in treated farmers who adopt
SRI technology increases the adoption rate of untreated farmers by 3.61%, while, when we
assess the impact of treated farmers only (who did not necessarily adopt), this number is
2.2% (Table 4).

Table 11: Second stage: Peer e�ects
120 villages 60 villages (T1) 60 villages (T2)

p̂Ti,v,t,A 0.361*** 0.119 0.661***

Observations 2,808 1,490 1,318

Notes: The dependent variable is the adoption decision of untreated farmers across two years. This is a dummy
variable that equals 1 if an untreated farmer adopted in year t (t = 1, 2) and 0 if he did not. Each regression includes
year dummies and all six control variables in Table 4. Standard errors are clustered at the village level and reported
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

8 Conclusion

Upho� (2016) tells the story of farmer Miyatty Jannah from Crawuk village in East Java,
Indonesia. When Miyatty �rst learned about the SRI in 2004, she invited SRI trainers to
her village and personally covered the costs of their stay to provide four days of training.

25The complete table with all the control variables can be found in Table B11 in Appendix B.
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Of the 25 farmers they trained, only 10 were willing to try out the methods and there was a
lot of resistance initially, even abuse. She told Norman Upho� in 2008 the following: �The
whole village was against us at �rst. `You are stupid,' they said when they saw the tiny
planted SRI seedlings: `You will get nothing.' But when harvesting was done, people came
and said, `Wow. How did that happen from such small seedlings?' All the people were
surprised. With less water and less money, we had 40�50% more paddy.�

This story by Miyatty Jannah is typical of the SRI adoption. Because it is so unusual
and involves a di�erent way of thinking, most farmers are initially reluctant to adopt the
technology. However, when exposed to well-trained farmers who can explain them the
bene�ts of the SRI and how to implement it, they tend to change their opinions and adopt
the SRI. Moreover, when some farmers adopt, other farmers also tend to adopt because of
peer e�ects and social norms.

In this study, we investigate this issue both theoretically and empirically in rural
Bangladesh. This is an important issue in a country in which rice cultivation accounts
for 48% of rural employment, provides two�thirds of the caloric needs of the nation along
with half the protein consumed, and its contribution to agricultural GDP is about 70%,
while its share of national income is one�sixth (Sayeed and Yunus, 2018).

We provide a simple theoretical model in which risk-neutral untreated farmers adopt
this new technology when they are �exposed� to trained (treated) farmers who can provide
accurate and reliable information about SRI technology. Further, we consider risk-averse
untreated farmers also in�uenced by trained farmers residing in the same village but whose
degree of risk aversion has both a direct negative e�ect on their adoption rate and a cross-
e�ect by reducing the e�ect of peers on the adoption decision.

We test these predictions by conducting a �eld experiment on 3,630 farmers in 120
villages in rural Bangladesh, where rice is the main crop. We consider two types of
treatments: farmers trained only once (T1 villages) and those trained twice (T2 villages).
Clearly, farmers with two years of training (i.e., repeated training) should provide more
accurate and reliable information about SRI technology than those with one year of training.
We use the exogenous variation across villages in terms of both the treatment and the
percentage of treated farmers by studying how the exposure rate (i.e., the proportion of
treated farmers in each village) of an untreated farmer a�ects his decision to adopt SRI
technology.

We �nd that the percentage of farmers with two years of training in a village has a
signi�cant and positive impact on the adoption rate of untreated farmers living in the same
village, while those with one year of training have no signi�cant impact. When we consider
treated farmers who have a professional relationship (discussing agricultural or �nancial
issues) with untreated farmers, the length of training becomes less important: both one-
year- and two-year-trained farmers have a signi�cant and positive impact on the adoption
rate of untreated farmers, although we observe higher e�ects for two years of training. We
also consider the impact of treated farmers who adopt SRI technology on the adoption rate
of untreated farmers and �nd similar results: only two-year-trained farmers who adopt have

32



a signi�cant and positive in�uence on the adoption rate of untreated farmers.
We then examine the e�ect of risk aversion on the adoption rate of untreated farmers

and �nd that more risk-averse untreated farmers are less likely to adopt SRI technology.
We also �nd that for more risk-averse farmers, the e�ect of two-year-trained farmers on
the adoption rate of untreated farmers is smaller than that for less risk-averse untreated
farmers.

As in the story of Miyatty Jannah, we believe that the primary incentive for untreated
farmers in rural Bangladesh to adopt SRI technology is �exposure� to farmers who have
received su�cient training in this technology. The more they trust these farmers, the more
they believe the accuracy and reliability of information on the quality of SRI technology
and its ease of adoption. Moreover, given the risk and cost in terms of new ways of thinking
about the SRI, it is not surprising that more risk-averse farmers are less likely to adopt
the SRI but also are less �in�uenced� by their peers who have been trained and/or have
adopted this technology.

In terms of policy implications, when a new technology is as di�erent as the SRI is from
standard rice technologies, most farmers would be reluctant to adopt it. This study �nds
that information and training policies on the new technology are the easiest ways to help
farmers decide to adopt it.
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Appendix

A Proofs of the propositions in the theoretical model

Proof of Proposition 1

(i) Combining (13) with (4) and (6) and taking into account that Φ(·) is an increasing
function, we �nd that

∂P{A = 1}
∂p

= P{A = 1 | θ = T} − P{A = 1 | θ = NT} > 0 ⇐⇒ c > β.

(ii) We need to show that

P{A = 1 | θ = T2} > P{A = 1 | θ = T1},

which is equivalent to

Φ

(
(c− β)

σ2
b

√
σ2
b + σ2

T2

)
< Φ

(
(c− β)

σ2
b

√
σ2
b + σ2

T1

)
.

If c > β, this is true since σ2
T2 < σ2

T1. �

Proof of Proposition 2

(i) Because (b, sθ) follow a bivariate normal distribution, one can show that

Var (b | sθ) =
σ2
θ σ

2
b

σ2
θ + σ2

b

.

Combining this with (12) yields

P{A = 1 | θ} =
1√
2π

∞∫
∆(δ,σθ)

exp

(
− x2

2

)
dx, (A.1)

where

∆(δ, σθ) := (c− β)

√
σ2
b + σ2

θ

σ2
b

+
δ

2

σ2
θ√

σ2
b + σ2

θ

. (A.2)
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Hence,

P{A = 1 | θ = T} − P{A = 1 | θ = NT} =
1√
2π

∆(δ,σNT )∫
∆(δ,σT )

exp

(
− x2

2

)
dx.

Combining this with (4) and (6), we obtain

∂P{A = 1}
∂p

> 0 ⇐⇒ ∆(δ, σNT ) > ∆(δ, σT ). (A.3)

Since σNT > σT , a su�cient condition for ∆(δ, σNT ) > ∆(δ, σT ) to hold is that ∆(δ, σθ)
increases with σθ. Di�erentiating ∆(δ, σθ) w.r.t. σθ yields after simpli�cations:

∂∆(δ, σθ)

∂σθ
=

σθ

2
√
σ2
θ + σ2

b

[
δ

(
1 +

σ2
b

σ2
θ + σ2

b

)
− 2(β − c)

σ2
b

]
>

σθ

2
√
σ2
θ + σ2

b

[
δ − 2(β − c)

σ2
b

]
.

Setting δ := max{0, 2(β − c)/σ2
b}, we �nd that

δ > δ =⇒ ∂∆(δ, σT )

∂σT
> 0.

(ii) We now show that when risk aversion is higher, untreated individuals adopt less:

∂ P{A}
∂ δ

< 0. (A.4)

Using (5), (A.1), and (A.2), we obtain

∂ P{A = 1}
∂ δ

= −1

2

ϕ (∆(δ, σT ))
p σ2

T√
σ2
b + σ2

T

+ ϕ (∆(δ, σNT ))
(1− p)σ2

NT√
σ2
b + σ2

NT

 , (A.5)

where ϕ(·) is the standard normal distribution density:

ϕ(x) :=
1√
2π

exp

(
− x2

2

)
.

Since the expression in squared brackets is strictly positive, we obtain (A.4).
(iii) Let us show that residing in a T2−treated village has a larger impact on the

adoption probability of an untreated farmer than residing in a T1−treated village. This
situation can be captured in the model as a reduction in the variance in the noise: farmers
exposed to T2−treated farmers receive a more precise signal about the quality of the

A2



technology than those exposed to T1−treated farmers. When δ > δ, where δ is de�ned in
(18), we have

∂ P{A = 1}
∂ σT

= −ϕ (∆(δ, σT ))
∂∆(δ, σT )

∂σT
< 0.

Hence, more training (i.e., a lower σT ) implies more adoption.
(iv) We now study the cross-e�ect of stronger risk aversion (higher δ) and more exposure

to treated individuals (higher p). Di�erentiating both sides of (A.5) with respect to p, we
obtain

∂2 P{A = 1}
∂δ ∂p

= −1

2

ϕ (∆(δ, σT ))
σ2
T√

σ2
b + σ2

T

− ϕ (∆(δ, σNT ))
σ2
NT√

σ2
b + σ2

NT

 . (A.6)

Factorizing ϕ (∆(δ, σT )) on the right-hand side of (A.6), we �nd that (20) holds if and only
if the following inequality holds:

σ2
T√

σ2
b + σ2

T

−
σ2
NT√

σ2
b + σ2

NT

ϕ (∆(δ, σNT ))

ϕ (∆(δ, σT ))
> 0. (A.7)

From the de�nition of standard normal density, we have

ϕ (∆(δ, σNT ))

ϕ (∆(δ, σT ))
= exp

{
−1

2

[
∆2(δ, σNT )−∆2(δ, σT )

]}
.

Combining this with (A.7), we �nd that (20) is equivalent to

∆2(δ, σNT )−∆2(δ, σT ) > ln

(
σ4
NT

σ4
T

σ2
b + σ2

T

σ2
b + σ2

NT

)
. (A.8)

Using (4) and (A.2), it is readily veri�ed that the left-hand side of (A.8) is a strictly
convex quadratic function. Thus, there must exist a threshold value δ0 ≥ 0 of risk aversion
such that (A.8), and hence (20) holds true for all δ > δ0. This completes the proof. �
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B Additional �gures and tables

Figure B1: Districts in the �eld experiment

Note: Notes: The �ve blue areas are the districts in which the RCT experiments were conducted.
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Figure B2: Density distribution of pTv
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Figure B3: Distribution of total number of farmers between villages
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Figure B4: Distribution of risk taking attitudes in daily life for all farmers

Note: Notes: The sample includes all 3,630 farmers in the 120 treatment villages. The risk-taking attitude measure
ranges from 1 to 10, where 1 indicates the lowest degree of risk and 10 implies the highest degree of risk.

A7



Figure B5: Distribution of risk taking attitudes in cultivation activity for all farmers

Notes: The sample includes all 3,630 farmers in the 120 treatment villages. The risk-taking attitude measure ranges
from 1 to 10, where 1 indicates the lowest degree of risk and 10 implies the highest degree of risk.
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Figure B6: Distribution of risk attitudes in daily activities for untreated farmers

Notes: The sample includes all 1,404 untreated farmers in the 120 treated villages. The risk-taking attitude ranges
from 1 to 10, where 1 indicates the lowest degree of risk and 10 implies the highest degree of risk.
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Figure B7: Distribution of risk attitudes in cultivating activities for untreated farmers

Notes: The sample include all the 1,404 untreated farmers in the 120 treated villages. The risk taking attitude is
ranging from 1 to 10, where 1 indicates the lowest degree of risk and 10 implies the highest degree of risk.
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Table B1: Sample distribution of treatment villages

Treatment Villages Total farmers Treated farmers Untreated farmers

Year 1 (2014-15) T1 60 1,805 1,060 745

T2 60 1,825 1,166 659

Year 2 (2015-16) T1 60 1,805 No training

T2 60 1,825 1,166 659
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Table B2: Balance checks between treated and untreated farmers
Treated villages only

Treated Untreated t-statistic

Household Characteristics (Baseline) Mean Mean

Age (years) 45.85 44.95 1.68

(0.38) (0.53)

Household income (takas) 12385.99 13313.48 −1.36
(399.23) (693.17)

Amount of cultivable land (decimals) 163.49 168.74 −0.85
(5.46) (6.7)

Education (years) 4.26 4.46 −1.19
(0.13) (0.17)

Household size 5.11 5.18 −1.09
(0.06) (0.06)

Occupation 0.89 0.87 1.67

(0.01) (0.001)

Observations 2, 226 1, 404

Notes: The reported t-statistics are from the two-tailed test with the null hypothesis that the group means are equal.
Standard errors are clustered at the village level and reported in parentheses. Occupation equals 1 if the participant's
primary occupation is a farmer and 0 if his primary occupation is not a farmer.
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Table B4: Test of pTv between T1 and T2 villages

Treatment Group Means

T1 0.59

(0.02)

T2 0.63

(0.02)

t-statistic of the t-test −1.54
P-value of the K-S test 0.18

Notes: A t-test examines the di�erence in the mean pTv between T1 and T2 villages. A K-S test tests the equality of
the distributions between T1 and T2 villages. The rejection criteria of both tests is p<0.05.
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Table B6: Percentage of farmers who discuss by type of frequency

Category % of farmers

Daily 8.82

Weekly 31.02

Monthly 29.26

Yearly 25.9

Never 5

Observations 1,404

Table B7: Number of �nance-related peers for untreated farmers

Category Value

Mean 4.5

Median 2

Mode 0

Standard deviation 5.4

Observations 1,404

Table B8: Percentage of risk-loving farmers
Percentage Risk loving

Treated farmers 24.17%
Untreated farmers 19.66%
Total farmers 22.42%

Notes: We de�ne a farmer as risk-loving if he answers a 9 or 10 in his risk-taking attitude to both daily life and
cultivating activities.
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C Another way of measuring risk attitudes

C.1 Measuring risk

To capture the risk attitudes of farmers, in the baseline survey, a simple gamble choice
task was introduced to all treated farmers across the 120 villages. The design of the lottery
game was similar to that of Binswanger (1980). Speci�cally, this gamble game was a one-
period incentivized game that involved assigning di�erent payo�s to each option. Table C1
summarizes the payo�s and risk classi�cation. In the baseline survey, each treated farmer
was given a form with the �rst three columns of the payo�s in Table C1. They were then
asked to choose from alternatives 1 to 6. Once this choice was made, a coin toss decided if
farmers received the low payo� (heads) or the high payo� (tails). In other words, in each
option, a farmer had a 50/50 chance of winning a high or low payo�.

Table C1: Payo�s and corresponding risk classi�cation

Choice Heads (low payo�) Tails (high payo�) Expected payo� Risk aversion Proportion

1 100 100 100 Extreme 13.84%

2 80 200 140 Severe 8.80%

3 70 250 160 Moderate 11.13%

4 60 300 180 Ine�cient 14.03%

5 50 350 200 Slight to Neutral 21.45%

6 0 400 200 Negative 30.77%

As shown in Table C1, farmers could be classi�ed into di�erent risk attitudes according
to their choices. For example, farmers who chose option 1 were classi�ed as extremely
risk-averse people. Indeed, choosing option 1 gave a 100-taka payo� with probability 1.
Although this payo� was the lowest across of six alternatives, it was a guaranteed payment
(i.e., it was risk-free). On the contrary, farmers who chose option 6 were classi�ed as risk-
loving, or having negative risk aversion. In option 6, they had a 50% chance of earning
an extremely high payo� of 400 taka or getting nothing. Although options 5 and 6 had
the same expected payo�, option 6 had a higher payo� variance; therefore, only risk-loving
farmers would choose option 6.

A (treated) farmer was described as risk-loving if he chose option 6 and risk-averse
otherwise. We �nd that 30.77% of farmers are risk-loving, while the rest (69.23%) are
risk-averse. This is higher than the percentage of risk-loving farmers when we used the
survey (see Table B8 in Appendix B, where the percentage of risk-loving treated farmers
was 24.17%.
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However, untreated farmers did not participate in this game; therefore, we do not know
their risk attitudes. To predict the risk attitudes of untreated farmers, we rely on our
randomization process by assuming that the distribution of risk preferences is the same
between treated and untreated farmers (as they were chosen at random). Indeed, Table B2
in Appendix B shows that treated and untreated farmers have on average similar observable
characteristics such as education, age, income, amount of cultivable land, household size,
and occupation. Therefore, it is reasonable to conclude that the distribution of risk attitude
is also similar between these two groups. To predict the risk attitudes of untreated farmers,
we thus run a regression on the risk attitudes of treated farmers, as a function of their
observable characteristics, as follows:

δTi,v = γ0 +X
′
i,vβ + θv + εi,v, (C.1)

where δTi,v is a dummy variable that takes the value of 1 if the treated farmer is risk-averse
(i.e., chose options 1�5 in Table C1) and 0 if he is risk-loving (i.e., chose option 6 in Table
C1). The vector Xi includes all the household- and individual-level characteristics likely
to be predictors of risk-taking behavior (i.e., education, age, income, amount of cultivable
land, household size, and occupation), while εi,v and θv are de�ned as in equation (15).

Table C2 displays the results of the estimation of equation (C.1). The signs obtained
are intuitive: older farmers are more risk-averse, while farmers that are more educated and
farmers with larger families are less risk-averse.

Let γ̂0 and β̂ be the OLS estimates of γ0 and β in equation (C.1). Then, untreated
farmer i's risk attitude, δ̂NTi,v , is estimated as follows:

δ̂NTi,v = γ̂0 +X
′
i,vβ̂. (C.2)

Equation (C.2) relies on our assumption that farmers who have similar individual characteristics
(e.g., age, income, household size, amount of cultivable land, education, and occupation)
have similar risk attitudes. In Table C3 in Appendix B, we check the number of farmers
predicted correctly, according to (C.1), where δ̂Ti,v gives the estimated value of the risk

attitude of treated farmers from the estimation of (C.2), while δTi,v gives the �real� value

of the risk attitude of treated farmers. Remember that δTi,v equal to 1 means risk-averse,

while δTi,v = 0 means risk-loving. All the values on the diagonal of Table C3 mean that
the prediction is correct. Speci�cally, of the 1,612 risk-averse farmers, the model predicts
that 966 are risk-averse, with a hit rate of 60%. Moreover, of the 614 risk-loving farmers,
the model predicts 438 correctly, with a hit rate of 71.3%. The overall hit rate is 63.1%,
which is high, providing us with con�dence in our measure of the risk attitudes of untreated
farmers.

Figure C1 displays the distribution of (predicted) risk preferences for treated (dashed
curve) and untreated (solid curve) farmers. Overall, the risk preferences for both groups
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Table C2: Relationship between risk attitude and the characteristics of treated
farmers

Age 0.0026***

(0.0009)

log(Income) -0.0372*

(0.0202)

log(Land) -0.005*

(0.0141)

Education -0.0065

(0.0072)

Household size 0.0014

(0.0059)

Occupation 0.0076

(0.0338)

Education2 -0.0013**

(0.0006)

Observations 2,226
Notes: The dependent variable is the dummy variable, which is 1 if a farmer is risk-averse, namely who chose options

1�5 in Table C1, and 0 if a farmer is risk-loving, who chose option 6. Education 2 is the squared value of education.

The regression contains village dummies to capture the village-level �xed e�ects. Standard errors are clustered at

the village level and reported in parentheses.

Table C3: Predicted and real values of risk attitude
δ̂Ti,v

0 1 Total

δTi,v 0 438 176 614

1 646 966 1612

Total 1,084 1,042 2,226

Notes: δTi,v = 1 means risk-averse and δTi,v = 0 means risk-loving
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Figure C1: Density distribution of the predicted riskiness of treated and untreated
farmers

are similar.1 This suggests that there is no di�erence in risk preference between treated
and untreated farmers in the villages.

After we calculate the predicted riskiness of the attitude δ̂NTi,v for all 1,330 untreated
farmers, we rank this riskiness index from low to high. Given that the share of risk-loving
people among treated farmers is 30.77%, we de�ne the �rst 69.23% untreated farmers as
risk-averse and assign them a value of 1, with the remaining 30.77% of untreated farmers
categorized as risk-loving and assigned a value of 0.2

C.2 Econometric model and empirical results

As in the main text, we estimate the following model:

yNTi,v,t = α0 + α1p
T
i,v + α2δ̂

NT
i,v + α3(δ̂NTi,v × pTi,v) +X

′
i,vβ + θt + εi,v,t. (C.3)

1A K-S test is conducted to compare whether the distribution of estimated riskiness is identical
between treated and untreated farmers. We �nd that the combined di�erence is 0.0303 and is
insigni�cant at the 95% con�dence level. Therefore, the distribution of δ̂i,v for treated farmers is
similar to that for untreated farmers.

2This is higher than the percentage of risk-loving farmers when we used the survey (see Table
B8 in Appendix B, where the percentage of risk-loving untreated farmers was 19.66%.
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The di�erence between equations (21) and (C.3) is that in the former the risk attitude is
directly measured by the survey and thus denoted by δNTi,v , while in the latter it is indirectly

measured and thus denoted by δ̂NTi,v .
Table C4 displays the results of the estimation of equation (C.3). We see that the direct

and cross-e�ects of risk aversion on the adoption rate of untreated farmers are roughly
similar to those in Table 9 where we measured risk using the survey.3

3In the columns in which δ̂NTi,v has a positive sign, the net e�ect of risk aversion on adoption is

negative, since the negative cross-e�ect of δ̂NTi,v × pTi,v is much higher than the direct e�ect of δ̂NTi,v .
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