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Empirical evidence from biogas adoption in China
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Abstract

We provide novel empirical evidence on the association between social networks and the
adoption of renewable energy technology. We distinguish between two main transmission
mechanisms through which social networks can affect renewable energy technology adoption:
information diffusion and social influence. Using primarily collected data on biogas adoption
in rural China, we find that both mechanisms are at work. In addition, we find that information
spreads through trusted network members, such as friends and family, while social influence
is mainly exercised by government officials. Government officials are more likely to promote
the adoption of technology leading by example rather than by spreading information.
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1. Introduction

Decentralization of government interventions to the local level has become a prominent feature
of development initiatives, including the promotion and adoption of renewable energy.
Understanding how information and behavior spread at the local level and ultimately impact
the adoption of renewable energy is key for the effective design of technology promotion
policies. This paper provides novel empirical evidence on the association between social
networks and the adoption of renewable energy technology. In particular, this study
distinguishes between two main transmission mechanisms through which social networks can
affect renewable energy technology adoption: information diffusion (also known as social

learning) and social influence (also known as endorsement effect or social pressure).!

Information about new technology, such as its existence and benefits, and how it is used, may
be spread through social networks. Obtaining information makes individuals aware of, or more
knowledgeable about, a technology, and reduces learning costs, which affects adoption (Conley
and Udry, 2001; Jackson and Yariv, 2005; Conley and Udry, 2010).2 In this case, the quality
of information is crucial, as is who delivers it (Hogset and Barrett, 2010). On the other hand,
individuals may be affected by the choices of others in their social network. Bursztyn et al.
(2014), for example, show that people imitate others’ adoption for several overlapping reasons,
including aligning with norms or interpreting adoption as an indicator of quality. Recent studies
show that social norms can affect the adoption of renewable energy technologies such as

residential solar photovoltaic panels, in particular, through social influence (e.g., Bollinger and

! See for instance, studies by Rogers (1995), Conley and Udry (2001), Jackson and Yariv (2005 and 2007), Kremer
and Miguel (2007), and Jackson (2008). Social influence can be seen as a way to avoid conflict by harmonizing
with the prevailing behavior in the network (Hogset and Barret, 2010).

2 In most cases, better knowledge increases the likelihood of adoption. However, as shown in Kremer and Miguel
(2007), it may have a negative effect if individuals overestimate the benefits of the technology at the beginning
and then figure out the real benefits after obtaining information through their social networks.



Gillingham, 2012; Graziano and Gillingham, 2015; Rode and Weber, 2016, and Baranzini et
al., 2017). Social influence can be sufficient to trigger adoption through aggregate information

about others’ behavior (Hogset and Barrett, 2010).

Empirical studies have often conflated information diffusion and social influence. Only
recently few attempts have been made to empirically disentangle them in the context of
microfinance and agricultural technology adoption in developing countries (e.g., Banerjee et
al., 2013; Cai et al., 2015; Maertens, 2017).2 To the best of our knowledge, no observational
studies have distinguished between information diffusion and social influence as two main
transmission mechanisms through which social networks can affect renewable energy
technology adoption. Hence, we aim to contribute to the literature by separating the role played
by information diffusion and social influence on renewable technology adoption using

observational data.

In our study, we focus on the adoption of biogas technology in rural China. As in the case of
most renewable energy technologies, the direct financial and health benefits to households are
associated with broad social and environmental benefits, e.g., in the form of reduced
greenhouse gas emissions. Given these social benefits, the central Chinese government
launched a subsidized biogas program in 2003 to encourage the adoption of biogas in rural
areas. However, the adoption rate of biogas among eligible households remains low (MOA,

2014). Therefore, it is important to study the factors that promote their adoption.

3 The technologies studied in the existing literature include for instance high-yielding seed varieties (Foster and
Rosenzweig, 1995, and Munshi, 2004); sunflowers (Bandiera and Rasul, 2006); fertilizers and pineapples
(Conley and Udry, 2001, 2010); genetically engineered cotton (Maertens, 2017), and soil management practices
(Beaman et al., 2021).



In addition, an essential feature of biogas technology is that it is highly visible. Biogas requires
a biogas pool of 6-8 m® for the methane fermentation process from organic waste. Its
installation requires some major remodeling of the house since the toilet, pigsty and kitchen
have to be connected to the pool (CRESP, 2008; Weiland, 2010). The construction process
usually takes several weeks. As explored below, visibility is a key mechanism through which
social influence operates. This aspect has an important influence on how social networks
operate and allows us to disentangle the role played by information diffusion from the role

played by social influence on the adoption of the technology.

For this study, we specifically collected data on farmers’ adoption of biogas and the
composition of their social network. Our network data have several advantages. First, the
network is technology-specific and explicitly refers to information exchange between the
respondent and people in the network. Hence, as opposed to information networks based on
adopters only, our network also includes non-adopters, and so captures the full extent of
information diffusion by focusing on information rather than adoption. Indeed, Banerjee et al.
(2013) show that information transmitted by non-adopters also plays an important role. Second,
our network data provide additional information on the characteristics of network members,
such as their relationship and whether they are considered trustworthy. Third, as opposed to
networks measured based on local residents only (i.e., other villagers), our data allow for
network members to live outside a respondent’s local area. Last but not least, when compared
to network measures based on random matching within the sample, where each respondent is
matched to a number of other random respondents, our network data are more likely to include
both key network nodes and weaker ties, i.e., socially distant people with whom one has

infrequent contacts but carry relevant information (Granovetter, 1973).



Our results show that both information diffusion and social influence are at work, yet their
effects are not unconditional. In particular, we find a stronger correlation between biogas
adoption and information diffusion through trusted people such as friends and family, while
social influence is mainly exercised by government officials. This indicates government
officials are more likely to promote the adoption of technology by leading by example rather

than by spreading information.

As for other studies that use observational data for network analysis, our results are subject to
concerns about potential homophily and correlated effects. This implies that the nature of our
research is correlational, and we cannot claim causal results. Nevertheless, our findings are
robust to a broad set of robustness checks that mitigate these concerns. In our empirical model,
we control for a rich set of covariates, including personality traits and risk preferences, and
village fixed effects to account for potential omitted variables. We also implement the
approaches of Oster (2019) and Lewbel (2012) as additional robustness checks, and provide a
set of alternative specifications, including a falsification test and a placebo test, which confirm

our results.

This paper proceeds as follows. Section 2 provides background information. Section 3 presents
a conceptual framework that lays out how social networks can affect renewable technology
adoption. Section 4 describes the data and Section 5 the empirical approach. Section 6 presents
the results and shows that they are robust to several sensitivity checks, alternative
specifications, including a falsification test and a placebo test, and when we account for the

small number of clusters. Section 7 concludes.

2. Background



In rural China, biogas used in a small household is usually produced in a fixed dome digester,
often built underground and with a capacity volume of 6-8 m®. The biogas digester is combined
with the pigsty and toilet so that organic waste can be fed to the digester and be degraded by
bacteria in anaerobic digestion (Rajendran et al., 2012). Building a biogas digester brings
several benefits to rural households (Katuwal and Bohara, 2009; Zheng et al., 2010; Panwar et
al., 2011). First, using biogas to substitute fossil fuels saves time and costs related to traditional
energy materials. Second, collecting organic waste eliminates the spread of disease. Third,
organic fertilizers obtained as by-products can reduce the use of chemical fertilizers. In
addition, biogas can bring socio-economic benefits by protecting forest lands and contributing
to the reduction of CO2 emissions and air pollution that significantly exceed possible negative
externalities such as odor emissions. Indeed, Krekel et al. (2020) find that, even in the presence

of large biogas plants, negative externalities are very limited.

It costs approximately 3,000 Chinese Yuan (¥) to build a biogas pool.# In addition to this initial
investment, adopters need to learn how to use the biogas and maintain the pool. A lack of
money and knowledge of the technology can discourage the adoption of biogas. Hence, to
encourage the adoption of biogas in rural areas, the Chinese central government launched a
subsidized biogas program in 2003. At the villagers’ meeting, government officials advertised
the biogas subsidy program in each village. In a village, government officials are usually local
residents, and their house is located in the village. Government officials themselves residents
of a village were also eligible to apply to the program. If households wanted to participate in
the biogas program, they needed to submit an application to the government officials of their
village. The application was then sent to county government officials, who decided whether to

approve it based on the program budget. Participants received subsidies to build a biogas pool

4 One U.S. Dollar = Six Chinese Yuan (¥).



and alter the toilet, the pigsty, and the kitchen. In the north-western and north-eastern areas,
the amount of subsidies was ¥1,200, in the south-western area the amount was ¥1,000, and in
other areas the amount was ¥800. The subsidy was economically attractive to adopt the biogas
technology due to an estimated annual benefit of ¥4,500 (MOA, 2007). Yet, the adoption rate
of biogas technology among eligible households is still low, involving about one-third of the

total rural population (National Development and Reform Commission, 2017).

3. Conceptual framework: Social networks and technology adoption

A social network is defined as a set of actors and connections (called “ties”) between pairs of
actors (Wasserman and Faust, 1994). Actors may be people, organizations, countries, or any
units of interest. The members of a network connected to the actors are defined as “alters.” The
role of social networks as a driver of technology adoption, among other outcomes, has been
studied in the literature (see Foster and Rosenzweig, 2010 for a review), and the effects are
often decomposed into two main mechanisms: information diffusion and social influence.® The
first mechanism refers to the diffusion of information about technology within a network which
increases awareness and/or reduces learning costs and the uncertainty surrounding its adoption.
According to Hogset and Barrett (2010), this effect is more likely to occur when an actor
actively seeks information and constructs beliefs from network members with a particular

status and/or precise information.

The second mechanism is social influence, which refers to the desire to harmonize with others
with the aim of imitating and/or avoiding conflict and/or signaling endorsement. Social

influence, for instance, can relate to the establishment of social norms with which people

% Social networks have been shown to affect various economic behaviors and outcomes such as job search (Wahba
and Zenou, 2005), school performance (Calvo-Armengol et al., 2009), political participation (McClurg, 2003),
farm management (Di Falco and Bulte, 2013), and the spread of disease (Eubank et al., 2004).



conform or comply to avoid clashes with other members of the communities or as a form of
obedience (Hogset and Barrett, 2010). It can also be associated with an endorsement effect
where the action of adoption carries an additional connotation, for example, signaling approval
or support for a shared objective. For this mechanism, aggregate information about network
members’ behavior, such as their adoption rate, can influence adoption choices (Hogset and
Barrett, 2010). Empirical studies have often conflated information diffusion and social
influence, and only recently have some empirical studies attempted to disentangle them, as

discussed in more detail below.

In this section, we derive a conceptual framework to explain how social networks can affect
the adoption of renewable technology by relying primarily on the studies that have attempted
to separate the effects of information diffusion and social influence. For example, Banerjee et
al. (2013) propose a theoretical framework to model the diffusion of a new product
(microfinance loans), with the following implications. First, they assume that, given the same
share of adopters, a larger network size, that is a larger number of network members, captures
a pure social learning effect by increasing the probability of information being passed on.
Second, they model a pure endorsement effect as the effect of the share of adopters, given the
same likelihood of receiving information. They then use a randomized control trial and a set of

simulations to quantify the two effects and find no evidence of endorsement effects.

Similarly, we propose to relate renewable energy technology adoption to both the size of the
network to capture information diffusion, and the share of adopters in the network to capture
social influence. One characteristic of our study design is that it allows us to distinguish
between learning and non-learning networks in a social network. A learning network is a

network comprising members who are informed about the technology. A non-learning network



is a network comprising people with whom an individual discusses important matters without
this involving any information about the technology. In contrast to studies that use more
general measures of social networks (e.g., friends in Cai et al., 2015; friends or neighbors in
Liverpool-Tasie et al., 2012), our learning networks are more likely to include key informed
network members. In addition, as opposed to studies that focus only on network members that
have adopted the technology (e.g., Bandiera and Rasul, 2006), in our study, a social network
also includes non-adopters. While Banerjee et al. (2013) find that adopters are more likely to
pass on information, they also find that informed non-adopters play an essential role in
transmitting information, although they have often been excluded by other measures of

learning networks.

Maertens (2017) provides an alternative approach to disentangle the effects of information
diffusion and social influence using observational data. In particular, the author is able to
exploit information on an individual’s beliefs and shows that once beliefs are taken into
account, network effects signal strategic behavior in the form of either strategic delay or social
pressure inhibiting the adoption of genetically modified cotton. These two mechanisms are
separated by comparing the effect of learning and non-learning networks, since negative

strategic delay should be associated only with the former.

In our setting, we expect social networks to influence the adoption of biogas positively. The
socio-economic benefits are significant and explain the strong support from the government to
the adoption of biogas (Zuzhang, 2013). Hence, the government’s involvement and the public
good nature of some of the benefits of biogas adoption are likely to have a positive social

influence effect on the adoption of biogas. We also expect social influence to be at work outside



an individual’s biogas-specific learning network. We test this hypothesis by using data on an

individual’s non-learning network.®

Most empirical studies have focused on agriculture-related technologies in developing
countries. To the best of our knowledge, no study has yet analyzed social network effects in
the context of renewable energy technology. For instance, Foster and Rosenzweig (1995) and
Munshi (2004) focus on the adoption of high-yielding seed varieties during India’s Green
Revolution. Conley and Udry (2001; 2010) study farmers learning about pineapple and the
adoption of fertilizers in Ghana. Bandiera and Rasul (2006) look at the adoption of a new crop
variety (sunflowers) in Mozambique. Maertens (2017) considers a new cotton variety in India,
while Beaman et al. (2021) investigate the adoption of soil management practices by maize
farmers in Malawi. Agricultural technologies often involve trial and error and hence tend to
involve a high degree of uncertainty and risk. This explains why the relationship between
network size and agricultural adoption has sometimes been found to follow an inverse-U shape,
i.e., larger networks encourage households to delay adoption and free-ride on the experience
of others (e.g., Bandiera and Rasul, 2006). In the case of biogas, the technology involves a
lower level of risk. While there are some reports of complaints about the lack of maintenance
and trouble-shooting support, biogas digesters in China are still eligible for government
subsidies even if they run far below their full potential or are abandoned shortly after
installation (Zuzhang, 2013), which significantly reduces the financial risk incurred by

adopters. Hence, we do not expect strategic delays to play a major role in our context.

& Another study that aims to disentangle the two mechanism is Cai et al. (2015). They consider network effects in
the context of weather insurance decisions. Using a randomized experiment, they provide evidence of knowledge
diffusion by estimating the direct effects of learning networks (i.e., the number of friends who are informed about
insurance) on the individual’s understanding of insurance benefits. They are then able to exclude a social influence
mechanism by exploiting randomized default options and comparing the effect of friends’ choices with those of
other villagers.

10



Another important factor for the adoption of new technology is its visibility. While some
changes in crop variety are highly visible, such as those considered in Liverpool-Tasie et al.
(2012), other practices, like the use of organic fertilizer, are more challenging to detect. While
information diffusion does not depend on visibility, Hogset and Barrett (2010) argue that social
influence is stronger when adoption is easy to observe. This could partially explain why
endorsement effects are sometimes not observed in the case of agricultural technology
(Banerjee et al., 2013). Given the high visibility of biogas technology, we expect to find both

information diffusion and social influence at work in our study.

4. Data description

In March and April 2012, we conducted an anonymous survey in twelve randomly selected
rural villages of the Hubei Province of China.” With the help of village leaders, we identified
all households in these villages (4,163 in total) and randomly selected 685 households. We then
invited one decision-maker in each household to participate in our survey. Of the 685 randomly
selected households, 597 (87%) accepted participating in our study. For the purpose of our
analysis, adopters are defined as those households that have applied or are planning to apply to
the biogas subsidy program but have not yet built a biogas pool. It is important to exclude
households that have already installed a biogas pool since the application and installation
process can take several years and change a farmer’s social network and behavior. More
importantly, the number and types of people a farmer knew at the time of the survey may not
reflect the people they knew when they applied to the program. Out of 597 households that
accepted our invitation, 232 had already installed a biogas pool and hence were excluded from
the study. In the analysis, we dropped 27 households due to missing data on social networks

and additional six households due to missing socio-demographic characteristics. The final

"' We also conducted two pre-tests to ensure the understanding and quality of our survey. The villages for the
pre-tests were excluded from the final sample to avoid contamination.
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sample comprises 332 households, 195 adopters and 137 non-adopters, which is in line with
sample sizes in similar observational studies (e.g., Bandiera and Rasul, 2006; Conley and Udry,
2010; Hogset and Barrett, 2010; Liverpool-Tasie and Winter-Nelson, 2012; and Maertens,

2017).

Table 1 summarizes the individual and household characteristics of our final sample. On
average, respondents are 47 years old and have a middle school education, corresponding to
nine years. Most respondents are male (77%), and more than half worked off-farm. Most
households are smallholders with an average plot of land of 0.66 hectares. The average
household comprises four people with an annual household income of about ¥24,000.8
Adopters are significantly better educated than non-adopters. They also have a higher
household income and more animals, whose dung is the primary material for biogas, and are
more open to experience. On the other hand, there are no significant differences in age,

household size, plot size, and risk propensity.

We identify a respondent’s biogas learning network by asking the following: “Who gave you
information about the biogas program?”” As we explained to respondents in the survey, the term
information refers to any information related to the biogas subsidy program and biogas
technology, such as how the biogas program is implemented, what biogas is, what it can be
used for, what they need to do to use biogas, or what the benefits of the technology are. Burt
(1984) suggests that people usually list less than eight people. In the survey, we set the
maximum number of people to ten, and no respondent named more than seven. In our data, the
size of the learning network measured by the number of people in the biogas learning network

varies from one to seven, with a mean value of 2.13 and a standard deviation of 1.09, as shown

8 One U.S. Dollar = Six Chinese Yuan (¥) in 2012.
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in Table 1. The average network size of adopters (2.29) is significantly larger than that of non-

adopters (1.91).

[TABLE 1 HERE]

In addition, we asked respondents whether each person they named had adopted biogas
technology. We found considerable variation in the number of known adopters: 13% of
respondents knew no adopters, 38% knew one adopter, 30% knew two, and 19% knew more
than two. The average share of known adopters in the learning network is 0.79. The share of

known adopters is significantly larger for adopters than for non-adopters (0.82 versus 0.75).

We also asked respondents about some attributes of each person in their biogas learning
network, such as the relationship of each network member to the respondent (family member
or relative, friend, neighbor, government official, or other), whether a network member lives
inside or outside the village, and whether the respondent trusts the member of his/her network.
We define network members as trusted if the respondent is willing to lend them money or
would ask them to take care of their house when away. Such detailed data allow us to explore

the composition of the learning network.

The biogas program is a government program advertised to farmers by village-level
government officials. Our data show that government officials are the primary information
providers about biogas (54%). However, respondents also receive information from family
members or relatives (13%), friends (18%), and people with other relationships such as
neighbors (15%). About 90% of the network members providing biogas information to

respondents live in the same village as the respondent, so setting geographical boundaries to

13



social networks would have excluded about 10% of a respondent’s learning network. Finally,
most network members providing biogas information to the respondent are considered

trustworthy (79%).

We also collected information on a respondent’s overall social network by asking: “From time
to time, most people discuss important matters with others. Looking back over the last year —
who are the people with whom you discussed matters important to you?” This is the most
common measure of social networks adopted in other studies (e.g., Banerjee et al., 2013; Cai
et al., 2015). For 58% of respondents, the overall social network and the biogas learning
network did not overlap, and for 19% of respondents, the overall social network includes all

members in their learning network.

We then define a non-learning network as the network comprising members with whom the
respondent discussed important matters, but who do not provide any information about biogas.
Table 1 shows that the non-learning network is on average significantly smaller than the
learning network (1.43 versus 2.13; p-value = 0.000) and that the share of known adopters in
the non-learning network is also smaller than in the learning network (0.43 versus 0.79; p-value
=0.000). In addition, the average size of the non-learning network is not significantly different
for adopters and non-adopters (1.44 versus 1.40; p-value = 0.775), while the average share of
known adopters in the non-learning network is significantly higher for adopters than non-

adopters (0.51 versus 0.32; p-value = 0.000).

5. Empirical approach

Our empirical approach is informative of whether adoption decisions are associated with

information diffusion and social influence, and expands upon the approaches previously

14



adopted in the literature, such as Bertrand et al. (2000), Goolsbee and Klenow (2002), and
Bandiera and Rasul (2006), among others. We estimate the following equation:
Vi =ping + Bosi +XiBs + vy + g, 1)

where y has value one if respondent i applied or was planning to apply to the biogas program
and zero otherwise. In line with our conceptual framework, ni represents the size of a
respondent’s learning network, which is the number of people from whom respondent i
received information on biogas, capturing information diffusion, while si represents the share
of known adopters in the learning network, capturing social influence.® Xi is a vector of
individual characteristics such as age, gender, years of schooling, household size, land size,
whether respondent i worked off-farm, household income, and the number of animals (oxen,
pigs, or sheep). Animal ownership is likely an important determinant of biogas adoption as
animal waste is the primary source of feedstock for a biogas digester. Households with little
livestock might not have sufficient manure for the biogas digester, which makes the technology
less financially viable since the cost of buying in feedstock would likely offset private benefits

(Zuzhang, 2013).

We use a linear probability model with standard errors clustered at the village level. Given the
small number of clusters (12 villages), we apply the wild cluster bootstrap-t procedure by
Cameron et al. (2008). A linear probability model is preferred, even in the presence of a binary
dependent variable, as it is considered to provide good estimates of the partial effects for
average values of the explanatory variables, and at the same time, the coefficients allow for a

straightforward interpretation of the results.’® Measurement errors also cause a smaller bias in

9 We exclude adopters who are family members of the respondent because they may live in the same house and
therefore have the same adoption status.

10 Concerns about predicted probabilities being negative or greater than 100 percent are also limited in our context
as, considering our main specification, only 6% of the observations have a predicted probability that lies outside
the 0-100 range.

15



linear models than in discrete choice models (Wooldridge, 2010; Angrist and Pischke, 2008).
Heteroscedasticity is an underlying feature of linear probability models and is corrected using
clustered standard errors. Nevertheless, we also show conditional (fixed effects) logit estimates

in Table Al of the Appendix, which confirm our linear probability model estimates.

5.1 Identification strategy

There are two well-known threats to identification that affect observational studies of network
effects (Manski, 1993). The first, also known as correlated effects, relates to the fact that
respondents and their network members might behave similarly, hence make similar adoption
choices, because they live in the same environment, unobserved by the researcher. We address
this concern by including a vector of village-level fixed effects (v, ) to control for common
unobservable characteristics within localities. Village-level fixed effects capture common
factors at the village level that can affect information diffusion and/or lead to correlated
adoption choices, such as village institutions, the presence of village notice boards, proximity
to markets, or the cohesiveness of the community, among others. This also implies that our

empirical strategy exploits variations between individuals within the same village.

A second concern emerges when individual or household characteristics influence network
formation and adoption choices.*! Individuals have the tendency to link to others with similar
characteristics (homophily). These characteristics might also influence adoption. In this study,
we can control for a rich set of possible confounders at the individual and household levels.
For instance, we collected and included in our full specification information on risk
preferences, which could affect technology adoption and network formation but might not be

captured by other observable characteristics (Qu et al., 2013; Aklin et al., 2018). Risk

11 This is also known as exogenous effects (Manski, 1993).
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preferences are measured by asking individuals, “In general, how would you rate your
willingness to take risks? (1 = very unwilling; 2 = unwilling; 3 = neutral; 4 = willing; 5 = very
willing).” Dohmen et al. (2011) show the behavioral validity of this measure as the best
predictor of risk propensity in different domains. Individuals who answered “very unwilling to
take risk” or “unwilling to take risk” are classified as risk averse; individuals who answered
“neutral” are classified as risk neutral, and individuals who answered “willing to take risk” or
“very willing to take risk” are classified as risk loving. We also control for information on the
consumption of traditional energy sources such as firewood and straw, coal and liquefied
petroleum gas, and variables measuring personality traits that were found to influence the
adoption of biogas in a previous related study (He and Veronesi, 2017). Costa and McCrae
(1992) classify major personality traits in five domains (i.e., the Big Five): (i) openness to
experience, (ii) conscientiousness, (iii) extraversion, (iv) agreeableness, and (v) neuroticism.
Our study includes a vector of variables representing these personality traits. See He and
Veronesi (2017) for details on the construction of these variables. Finally, a set of alternative
specifications, several robustness checks, Oster’s (2019) bounding analysis, Lewbel’s (2012)
approach, and the inclusion of a falsification test and a placebo test presented below confirm

the robustness of our results.

6. Results

In this section, we begin by presenting the baseline results obtained by estimating equation (1),
which represents the relationship between information diffusion and social influence and
biogas technology adoption. We then characterize information diffusion and social influence
effects by analyzing the composition of the social network. We show that our baseline results
are robust to several sensitivity checks and alternative specifications, including the bounding

approach of Oster (2019), a falsification test, and a placebo test. We also show that our results
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are confirmed when accounting for the small number of clusters and when applying Lewbel

(2012) approach.

6.1 Baseline results

The results of the linear probability model (LPM) are presented in Table 2, where information
diffusion and social influence effects are measured, respectively, by the size of the learning
network and the share of known adopters. Conditional (fixed effect) logit estimates are shown
in Table Al in the Appendix and confirm our LPM estimates. Square brackets are used for p-
values obtained by the wild cluster bootstrap-t procedure as described by Cameron et al. (2008)

to account for the small number of clusters.

[TABLE 2 HERE]

We present the baseline results obtained by estimating equation (1) in column 3 of Table 2,
and also show results when including the learning network size and the share of known adopters
on their own in columns 1 and 2, respectively. We find significant evidence that both
information diffusion and social influence are correlated with biogas adoption. We show the
robustness of our results by progressively including control variables in columns 4-8
(respective coefficients are shown in Table A2 in the Appendix). We begin by adding in
column 4 socio-demographic characteristics such as age, gender, years of schooling, household
size, land size, number of animals (oxen, pigs, or sheep), off-farm job, and household income,
potentially affecting both network and adoption choices. For example, richer households could
have the financial resources to adopt biogas and also enjoy a larger network because of their

status. We observe that male and better-educated respondents are more likely to adopt biogas
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(Table A2, column 1).1?> Household income is also positively and significantly correlated with
adoption. In column 5 of Table 2, we also control for traditional energy sources such as the
consumption of firewood and straw, coal and liquefied petroleum gas, and in column 6 for
measures of the Big Five personality traits, i.e., openness to experience, conscientiousness,
extraversion, agreeableness, and neuroticism. Using a similar sample, He and Veronesi (2017)
show that personality traits, in particular openness to experience, can be a significant
determinant of biogas adoption. We confirm the significant correlation between openness and
adoption, while our two coefficients of interest remain almost unchanged. Column 7 controls
for risk preferences by including risk averse and risk neutral dummy variables. Table A2 in the
Appendix shows that risk preferences are not significantly correlated with biogas adoption.
This result is in line with the expectations set out in our conceptual framework (Section 3) that
biogas technology is a relatively low-risk technology. This partly explains why we do not find
evidence of strategic delays. If strategic delay considerations were in place, the larger the
network, the lower the propensity to adopt the technology. Instead, in our case, network size is
not negatively correlated with adoption.®® Finally, column 8 adds village fixed effects to
account for differences between villages and unobservable village characteristics that could
affect biogas adoption and the formation of social networks, such as village institutions and
distance to markets, among others. Once we include village fixed effects, the coefficient of

information diffusion is almost halved, yet it remains positive and statistically significant.

To give a sense of the magnitude of our findings, the full specification in column 8 of Table 2

indicates that a one standard deviation increase in learning network size (1.088) is associated

12 Kelebe et al. (2017) investigate the determinants of biogas adoption in Ethiopia and find that education is
positively correlated with biogas adoption as in our study. However, they find that in Ethiopia female headed
households are more likely to adopt biogas compared to men headed households.

13 This is also confirmed when the square term of network size is included as in Bandiera and Rasul (2006). We
do not find evidence of an inverse-U shape relationship.

19



with an increase in the probability of biogas adoption by 0.05 percentage points from an
average adoption of about 59%, which corresponds to an 8% increase. Similarly, a one standard
deviation increase in the share of known adopters (0.355) is associated with a 0.07 percentage
point increase in the probability of adoption, which is a 12% increase with respect to the

average adoption rate.

6.2 Robustness checks

Results obtained so far suggest the presence of an information diffusion effect, since
respondents with a larger learning network are more likely to apply for biogas even when
controlling for possible confounders at the village and individual levels. The underlying
mechanism supporting this finding is that network members convey relevant information about
biogas technology that can either increase awareness or reduce learning costs, and hence
increase adoption. We can provide support for this mechanism by performing a falsification
test that exploits the respondent’s wider network and a placebo test that uses information on

alternative renewable energy technologies.

In particular, we begin by considering a respondent’s non-learning network, which represents
the network members with whom the respondent discusses important matters but not biogas.
This implies no overlapping between the learning network and the non-learning network. Table
3 compares the association between these two types of networks and biogas adoption via a
falsification test. Because non-learning networks by definition include members that do not
provide relevant information about biogas, we expect them not to be correlated with biogas
adoption. Results shown in column 1 of Table 3 confirm our expectations and show that the
size of the non-learning network is not associated with the decision to adopt biogas. It is

important to note that differences in network members’ characteristics do not drive this result.
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Members of the non-learning network are no less trusted than those in the learning network
(87% of members in the non-learning network are trusted versus 79% of members in the
learning network). This is relevant because trust matters for information diffusion, as shown

below.

[TABLE 3 HERE]

In the case of social influence, what matters is aggregate behavior, i.e., the rate of adoption by
known people (i.e., the overall network), as argued in Hogset and Barret (2010). In our study,
known people are included either in the learning network if they provide information about the
biogas technology, or in the non-learning network if they do not. We expect that social
influence is at work irrespective of whether network members provide information on biogas;
hence the effect should be visible for both types of networks. In line with our expectations,
column 1 of Table 3 shows that social influence operates through both types of networks: the
share of known adopters in both the learning and non-learning networks is positively correlated

with biogas adoption, and the two correlations are not statistically different (p-value = 0.615).

In addition, we perform a placebo test to corroborate that our measure of the learning network
indeed captures information diffusion and social influence specific to biogas. We expect biogas
learning networks not to be correlated with the adoption of other technologies. Our survey
includes information on whether a respondent has installed solar panels. The average adoption
rate of solar panels is 52%. Results in column 2 of Table 3 confirm that the size of the biogas
learning network and the share of known biogas adopters are not correlated with the adoption
of solar panels. It is worth noting that about 32% of the respondents have adopted both solar
panels and biogas, hence the two technologies are no substitutes, which might otherwise

explain the insignificant results.
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Another concern is that the reported number of known biogas adopters may involve
measurement error. We follow Bandiera and Rasoul (2006) and perform their robustness check
to mitigate this concern. First, although what matters for social influence to affect adoption is
respondents’ perception of technology adoption, if there is a measurement error, this should be
more serious for illiterate respondents. Table A3 in the Appendix shows that our results are

confirmed when illiterate respondents (1% of the sample) are dropped.

As our dependent variable considers both those who have applied and those who are planning
to apply for biogas, there might be concerns about adoption being partly based on households
that might not ultimately apply for biogas. To address this concern, we estimate our main
baseline specification including only households that have applied to the biogas program and
excluding those households that are planning to apply. Our sample reduces to 214 observations.
As expected, standard errors become larger given the smaller sample size; however, the results
are similar to our baseline results. The coefficient of the share of known adopters becomes
0.027 (s.e. 0.038), and the coefficient of the learning network size becomes 0.135 (s.e. 0.082).
These results indicate that a one standard deviation increase in the learning network size
(1.028) is associated with an increase in the adoption probability by 0.03 percentage points
from an average adoption of about 36%, which corresponds to an 8% increase. A one standard
deviation increase in the share of known adopters (0.374) is associated with an increase in the
adoption probability by 0.05 percentage points, which corresponds to a 13.8% increase. Both

results are in line with our baseline estimates based on the entire sample.

We then perform an additional robustness check for omitted variable bias and compute bound

estimates following the approach by Oster (2019) using the main specification of Table 2,
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column 8.1* The approach explores the sensitivity of estimated coefficients to the inclusion of
observed covariates by producing bounds obtained by combining estimates with and without
controls and the respective R2. An estimated bounded set that excludes zero can be considered
an indication of robust effects that are non-zero. The estimated bounds for both our main
variables of interest are [0.026, 0.046] for learning network size and [0.185, 0.205] for the share
of known adopters. They both exclude zero, which adds additional evidence that our results

are robust to selection on unobservables.1®

Finally, we also propose an additional robustness check based on the approach proposed by
Lewbel (2012).% This approach exploits model heteroskedasticity to identify structural
parameters by generating instruments from the available variables. Baum and Lewbel (2019)
discuss a set of testable sufficient conditions under which Lewbel (2012) estimator is
consistent. Our data support these conditions, which provide evidence in favor of the
consistency of Lewbel (2012) estimator in our analysis.}” We apply Lewbel (2012) approach
to our main baseline specification (Table 2, column 8) and find that our results are confirmed:
both coefficients of learning network size (0.037; s.e. 0.013) and the share of known adopters

(0.316; s.e. 0.078) are positive and significant at the 1 percent level.

6.3 Characterizing information diffusion and social influence

14 See, for instance, Awaworyi Churchill and Smith (2021b), Clark et al. (2021), and Davillas et al. (2021) as
examples of applications of Oster (2019) bounding analysis.

15 Bounds were computed considering & = 1 as suggested in Oster (2019). Delta measures the relative degree of
selection on observed and unobserved variables. Setting § = 1 assumes that the selection on observables is the
same as that on unobservables. We also follow Oster (2019) in setting RZ,, to be equal to min[1, 1.3R?], where
R? is the R? of the regression with all controls included.

16 See Awaworyi Churchill and Smyth (2020, 2021a) as examples of applications of Lewbel (2012) approach in
energy economics.

171n Baum and Lewbel (2019), condition Al refers to the endogeneity of social information and social influence
in equation (1) while conditions A2 and A3 are supported by the Pagan-Hall test (p-value = 0.223) and the
Breusch-Pagan test (p-value = 0.017), respectively.
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This section uses the information available on the characteristics of network members to
characterize information diffusion and social influence. We begin by considering the
relationship between a respondent and each member of her/his biogas learning network.
Column 1 of Table 4 distinguishes between network members who are government officials,
hence with a public role, and family members, relatives, or friends. A final category includes
other types of relationships, such as neighbors. Column 2 distinguishes between network
members trusted by the respondent and those who are not.'® Finally, column 3 considers
network members who live within or outside a respondent’s village. Table A4 and A5 of the
Appendix show bounds based on the approach of Oster (2019) and estimates based on Lewbel

(2012), respectively. Both approaches confirm our results.

[TABLE 4 HERE]

Table 4 shows that the association between information diffusion and biogas adoption is largely
driven by the information provided by family and friends (column 1), trusted network members
(column 2), and those living outside the village (column 3). The latter result is suggestive of a
proactive search for information, as discussed in Hogset and Barrett (2010). These authors
suggest that social learning is a more precise process of information exchange, and information
is more effective when it is actively sought, which in our case seems to refer to seeking

information outside one’s village.

Conversely, the correlation between information from government officials and biogas

adoption is insignificant. This result can be surprising at first, but not unexpected once

18 A contact is considered trusted if respondents are willing to lend her/nim money, or they would ask her/him to
take care of their home during their absence.
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additional evidence is considered. Government officials are among the best informed about the
biogas program, hence we would expect them to play an important role in terms of information
diffusion. Yet, information from officials does not seem to translate into adoption. One possible
explanation can be found in our second set of results, where we explore the role of trust (column
2). Trust matters. Only information provided by trusted network members is significantly
correlated with respondents’ biogas adoption. This suggests that lower levels of trust can partly
explain the ineffectiveness of information from government officials. Indeed, on average, 77%
of government officials are trusted compared to 93% of respondents’ relatives. This is also in
line with evidence that shows that trust in the local government in China is lower than trust in
the central government (Chen, 2017). Taken together, this suggestive evidence indicates that
the “messenger matters as much as the message,” and information from public officials is less

effective when they enjoy relatively lower levels of trust.

When we focus on the association between social influence and biogas adoption, however, we
find that the share of known adopters who are government officials is significantly and
positively correlated with adoption (column 1). Column 2 shows that social influence is equally
exercised by both trusted and not-trusted network members as the two correlations are not
statistically different (p-value = 0.12). In addition, what matters for the adoption decision is
also the share of known adopters living in the village of the respondent (column 3). Note that
the results in column 3, showing that only the share of known adopters within a village matters
for the adoption decision, are consistent with social influence. If our results were driven by
projection bias, this would also be reflected in the positive correlation between known adopters
outside the villages and adoption, which is not the case. This adds confidence to the

interpretation of our results as social influence.
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As discussed in the conceptual framework, social influence can be the result of endorsement
or conflict avoidance behavior where one harmonizes one’s own beliefs with prevailing beliefs.
These mechanisms are particularly effective where the technology is visible, as in the case of
biogas, which requires the installation of an external pool noticeable by fellow villagers. The
visibility of choices ensures that others can observe adoption, signaling endorsement. Our
results provide support for these arguments. Developing biogas infrastructure has been a key
objective of the national development program of the government of China, which highlights
the broader environmental and health benefits of the technology. Hence, these results can be
interpreted as a form of alignment with public authorities and/or fellow villagers in support of
a common cause. These findings suggest that government officials are more likely to promote

technology adoption leading by example rather than spreading information.

7. Conclusions

This paper provides novel findings on how social networks are associated with renewable
technology adoption through information diffusion and social influence, focusing on biogas
technology in rural China. We find that social networks can promote the adoption of renewable
technology by spreading relevant information and exercising social influence. Empirically, we
find that farmers who know a larger number of informed network members are more likely to
adopt biogas, irrespective of the share of adopters in their network. Moreover, farmers with a
higher share of known adopters among their network members are more likely to adopt biogas,
irrespective of the size of their network. The first result differs from Bandiera and Rasul (2006)
and Maertens (2017) who find negative network effects due to strategic delays when looking,
respectively, at the adoption of a new crop (sunflower) and genetically modified cotton seeds.
On the other hand, the second result differs from Banerjee et al. (2013) and Cai et al. (2015),

which do not find evidence of social influence when looking, respectively, at microcredit and
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weather insurance. Our results highlight the importance of considering how the characteristics

of the technology interact with network effects.

We also show that information diffusion and social influence are not unconditional. Our
findings suggest that the “messenger matters as much as the message” for adopting the
technology. In particular, information spreads only through trusted network members, such as
friends and family, while government officials mainly exercise social influence. These findings
have some important policy implications. Information diffusion through government officials
is not the most effective way to encourage adoption. Farmers are more affected by observing
government officials’ adopting the technology rather than merely receiving information from
them. Information diffusion through network members with closer relationships such as friends
and family has larger correlations. Our findings suggest that government officials are more
likely to promote technology adoption by leading by example rather than spreading

information.

Although our results are robust to a set of alternative specifications that exploit a rich set of
covariates and include a falsification and a placebo test, we cannot completely exclude
endogeneity concerns due to additional omitted factors correlated with both information
diffusion and social influence and the decision to adopt the technology. Hence, our findings
should be interpreted as correlations rather than causal relationships. Nonetheless, given the
lack of research documenting the relationship between information diffusion, social influence,
and renewable technology adoption, and overall, the role of social networks in affecting this
decision, the correlations found in this study can be considered an important initial step towards
enhancing our knowledge of the mechanisms affecting the adoption of renewable energy

technologies.
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Table 1

Descriptive statistics

Full sample Adopters Non-adopters Difference
Mean S.D. Mean S.D. Mean S.D.

Dependent variable

Biogas adoption (1 = yes, 0 = no) 0.587 0493 1 0 0 0 1x**
Learning network

Learning network size 2.133 1.088 2292 1219 1905 0.821 0.387***

Share of known adopters 0.789 0.355 0817 0.325 0.749 0392 0.068*
Non-learning network

Non-learning network size 1.425 1262 1441 1316 1401 1.185 0.040

Share of known adopters 0.433 0470 0513 0476 0320 0.439 0.192***
Socio-demographic characteristics

Age 47500 8.898 46.985 8.142 48.234 9.860 -1.249

Male (1 = male, 0 = female) 0.768 0.423 0.821 0385 0.693 0.463 0.127***

Years of schooling 9.099 2175 9462 2029 8584 2277 0.878***

Household size 4.497 1350 4564 1284 4401 1437 0.163

Land size (hectares) 0.663 0.301 0.660 0.289 0.668 0.319 -0.008

Animals (count) 4.476 30.877 6.831 40.136 1.124 1.788 5.707**

Off-farm job (1 = yes, 0 = no) 0.521 0.500 0559 0.498 0467 0.501 0.091*

Household income (¥1000) 24352  16.212 27.272 17.653 20.197 12.867 7.075***
Energy sources

Consumed firewood/straw (100 Kg) 5.483 12.337 4922 9.836 6.281 15.210 -1.359

Consumed coal (100 coal balls) 2.640 5441 2795 5707 2420 5.050 0.375

Consumed liquefied petroleum gas (tank) 4.036 2449 4390 2646 3.533 2.044 0.857***
Big Five personality traits

Neuroticism 0.025 0974 -0.022 0.991 0.094 0.948 -0.116

Extraversion -0.004 1.010 0.029 0985 -0.053 1.047 0.082

Openness 0.009 0966 0.105 0961 -0.126 0.960 0.231**

Agreeableness 0.051 0962 0.056 0.954 0.044 0978 0.012

Conscientiousness 0.046 0.978 0.068 0.985 0.015 0.971 0.053
Risk preferences

Risk averse (1 = yes, 0 = no) 0.425 0.495 0431 049 0416 0.495 0.015

Risk neutral (1 = yes, 0 = no) 0.262 0440 0236 0426 0299 0460 -0.063
Number of observations 332 195 137

Notes: ¥6 = $1. S.D.: standard deviation. A test of differences in means is set out in the last column and shows
significance at * 0.1, ** 0.05 and *** 0.01 statistical level.
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Table 2

Baseline estimates

Dependent variable:

biogas adoption (1/0) (€3] (2 3 4 (5) (6) ) (8
Learning network size 0.079** 0.084**  0.080***  0.076*** 0.076*** 0.076*** 0.046**
(0.029) (0.028) (0.022) (0.023) (0.023) (0.022)  (0.019)
[0.078] [0.051] [0.020] [0.020] [0.013] [0.023] [0.053]
Share of known adopters 0.131** 0.154**  (0.184***  (0.179*** 0.185*** 0.166** 0.185**
(0.051) (0.059) (0.054) (0.050) (0.051) (0.057)  (0.064)
[0.022] [0.023] [0.003] [0.000] [0.001] [0.004] [0.003]
Socio-demographic controls No No No Yes Yes Yes Yes Yes
Energy sources No No No No Yes Yes Yes Yes
Big Five personality traits No No No No No Yes Yes Yes
Risk preferences No No No No No No Yes Yes
Village fixed effects No No No No No No No Yes
Observations 332 332 332 332 332 332 332 332

Notes: Estimates are from a linear probability model. Column 1 includes only the learning network size, which captures
information diffusion, while column 2 includes only the share of known adopters, which captures social influence. Column
3 includes the learning network size and the share of known adopters. Column 4 adds socio-demographic control variables
such as age, gender, years of schooling, household size, land size, number of animals, off-farm job, and household income.
Column 5 also controls for energy sources such as consumed firewood and straw, coal, and liquefied petroleum gas. Column
6 also includes the Big Five personality traits, i.e., openness to experience, conscientiousness, extraversion, agreeableness,
and neuroticism. Column 7 controls for risk preferences by including risk averse and risk neutral dummy variables. Column
8 adds village fixed effects. Table A2 in the Appendix shows estimates of the additional covariates. Standard errors clustered
at the village level are presented in parentheses. p-values obtained by wild cluster bootstrap-t procedure as described by
Cameron et al. (2008) with 200 replications to account for the small number of clusters are shown in square brackets. **
0.05 and *** 0.01 indicate significance levels.
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Table 3

Falsification and placebo tests

Dependent variable: Biogas adoption Solar panel adoption
@) )
Learning network:
Network size 0.056** 0.025
(0.018) (0.026)
[0.014] [0.374]
Share of known adopters 0.114* 0.007
(0.058) (0.088)
[0.039] [0.951]
Non-learning network:
Network size -0.018 0.009
(0.038) (0.025)
[0.643] [0.719]
Share of known adopters 0.168** 0.049
(0.0712) (0.077)
[0.037] [0.487]
Socio-demographic controls Yes Yes
Energy sources Yes Yes
Big Five personality traits Yes Yes
Risk preferences Yes Yes
Village fixed effects Yes Yes
Observations 332 332
Average adoption rate 0.587 0.518

Notes: Estimates are from a linear probability model. The learning network
includes members who provide information about biogas technology, while the
non-learning network includes members with whom a respondent discusses
important matters but not matters specific to biogas. The network size captures
information diffusion while the share of known adopters captures social
influence. In column 1, the dependent variable is biogas adoption. In column 2,
the dependent variable is solar panel adoption. Socio-demographic control
variables include age, gender, years of schooling, household size, land size,
number of animals, off-farm job, and household income. Energy sources include
consumed firewood and straw, coal, and liquefied petroleum gas. Big Five
personality traits are openness to experience, conscientiousness, extraversion,
agreeableness, and neuroticism. Risk measures include dummy variables for risk
aversion and risk neutrality. Standard errors clustered at the village level are
presented in parentheses. p-values obtained by wild cluster bootstrap-t procedure
as described by Cameron et al. (2008) with 200 replications to account for the
small number of clusters are shown in square brackets. * 0.1 and ** 0.05 indicate
significance levels.
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Table 4

Results by type of network members

Dependent variable:

biogas adoption

biogas adoption

biogas adoption

@) @) Q)
Learning network size: Learning network size: Learning network size:
Government officials -0.006 Trusted 0.060*** Inside the village 0.035
(0.028) (0.019) (0.021)
[0.850] [0.006] [0.178]
Family 0.178*** Not trusted -0.050 Outside the village 0.129**
(0.050) (0.056) (0.051)
[0.005] [0.391] [0.051]
Friends 0.113**
(0.049)
[0.101]
Others 0.099*
(0.053)
[0.071]
Share of known adopters: Share of known adopters: Share of known adopters:
Government officials 0.306*** Trusted 0.143* Inside the village 0.213***
(0.084) (0.067) (0.067)
[0.004] [0.046] [0.001]
Family 0.021 Not trusted 0.237 Outside the village 0.038
(0.151) (0.150) (0.156)
[0.887] [0.126] [0.811]
Friends 0.097
(0.154)
[0.523]
Others -0.034
(0.138)
[0.771]
Socio-demographic controls Yes Yes Yes
Energy sources Yes Yes Yes
Big Five personality traits Yes Yes Yes
Risk preferences Yes Yes Yes
Village fixed effects Yes Yes Yes
Observations 332 332 332

Notes: Estimates are from a linear probability model. The learning network size captures information diffusion while the
share of known adopters captures social influence. Column 1 includes network members who are government officials, family
members or relatives, friends, and other types of members such as neighbors. Column 2 includes trusted and non-trusted
network members. Column 3 includes network members who live in or outside a respondent’s village. Socio-demographic
control variables include age, gender, years of schooling, household size, land size, number of animals, off-farm job, and
household income. Energy sources include consumed firewood and straw, coal, and liquefied petroleum gas. Big Five
personality traits are openness to experience, conscientiousness, extraversion, agreeableness, and neuroticism. Risk measures
include dummy variables for risk aversion and risk neutrality. Standard errors clustered at the village level are presented in
parentheses. p-values obtained by wild cluster bootstrap-t procedure as described by Cameron et al. (2008) with 200
replications to account for the small number of clusters are shown in square brackets. * 0.1 ** 0.05 and *** 0.01 indicate

significance levels.
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Appendix

Table Al

Conditional logit (fixed effects) estimates

Dependent variable: Biogas adoption Biogas adoption Solar panels adoption
() 2 (©)
Learning network:
Network size 0.274** 0.317*** 0.142
(0.114) (0.110) (0.116)
[0.061] [0.025] [0.294]
Share of known adopters 0.980*** 0.645** -0.010
(0.360) (0.294) (0.461)
[0.007] [0.023] [0.992]
Non-learning network:
Network size -0.088 0.029
(0.208) (0.132)
[0.680] [0.823]
Share of known adopters 0.906** 0.233
(0.374) (0.368)
[0.017] [0.516]
Socio-demographic controls Yes Yes Yes
Energy sources Yes Yes Yes
Big Five personality traits Yes Yes Yes
Risk preferences Yes Yes Yes
Village fixed effects Yes Yes Yes
Observations 332 332 332

Notes: Estimates are from a conditional logit model with village fixed effects. Estimates are odd ratios.
The learning network includes members who provide information about biogas technology, while the
non-learning network includes members with whom the respondent discusses important matters but
not matters specific to biogas. The network size captures information diffusion while the share of
known adopters captures social influence. In column 1 and column 2, the dependent variable is biogas
adoption. In column 3, the dependent variable is solar panel adoption. Socio-demographic control
variables include age, gender, years of schooling, household size, land size, number of animals, off-
farm job, and household income. Energy sources include consumed firewood and straw, coal, and
liquefied petroleum gas. Big Five personality traits are openness to experience, conscientiousness,
extraversion, agreeableness, and neuroticism. Risk measures include dummy variables for risk
aversion and risk neutrality. Standard errors clustered at the village level are presented in parentheses.
p-values obtained by wild cluster bootstrap-t procedure as described by Cameron et al. (2008) with
200 replications to account for the small number of clusters are shown in square brackets. ** 0.05 and
*** (.01 indicate significance levels.
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Table A2

Estimated coefficients of covariates

Dependent variable: 1) (2) 3) 4) ()
biogas adoption (1/0)
Learning network size ~ 0.080*** 0.076*** 0.076*** 0.076*** 0.046**
(0.022) (0.023) (0.023)  (0.022)  (0.019)
[0.028] [0.020] [0.013] [0.023] [0.053]
Share of known adopters 0.184*** (.179*** (.185*** 0.166** (0.185**
(0.054)  (0.050) (0.051) (0.057)  (0.064)
[0.002] [0.000] [0.001] [0.004] [0.003]
Age -0.003 -0.003 -0.004 -0.004 -0.004
(0.002) (0.002) (0.002) (0.002) (0.002)
[0.207] [0.277] [0.132] [0.144] [0.102]
Male 0.147 0.149 0.159 0.172 0.206*
(0.097) (0.100) (0.103) (0.101) (0.104)
[0.206] [0.191] [0.194] [0.153] [0.079]
Years of schooling 0.031** 0.030* 0.029* 0.031** 0.022
(0.014)  (0.014) (0.014) (0.014)  (0.015)
[0.067] [0.062] [0.089] [0.070] [0.185]
Household size -0.002  -0.003  -0.004 -0.002  -0.002
(0.020) (0.021) (0.022)  (0.021)  (0.026)
[0.008] [0.897] [0.871] [0.926] [0.933]
Log land size -0.162 -0.158 -0.163 -0.160 -0.143
(0.169)  (0.155)  (0.145)  (0.148)  (0.141)
[0.356] [0.354] [0.281] [0.338] [0.351]
Number of animals 0.001 0.001 0.000 0.000 0.000
(0.001)  (0.001) (0.001) (0.001)  (0.000)
[0.162] [0.187] [0.458] [0.410] [0.322]
Off-farm job 0.021 0.024 0.024 0.020 0.042
(0.043) (0.043) (0.046) (0.046) (0.046)
[0.634] [0.587] [0.612] [0.659] [0.377]
Log household income ~ 0.141*** (0.131*** (.131*** 0.131*** (0.119***
(0.036) (0.034) (0.031) (0.033) (0.034)
[0.004] [0.000] [0.003] [0.002] [0.009]
Firewood/straw -0.000 0.000 0.000 0.001
(0.003) (0.003) (0.003) (0.004)
[0.969] [0.973] [0.945] [0.812]
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Table A2

Coal -0.002  -0.002  -0.002  -0.003
(0.006)  (0.006) (0.006) (0.005)
[0.700] [0.756] [0.746] [0.662]

Liquefied petroleum gas 0.014 0.014 0.014 0.013
(0.010) (0.011)  (0.011)  (0.011)
[0.234] [0.265] [0.243]  [0.237]

Neuroticism 0.008 0.009 0.015
(0.032) (0.032)  (0.035)
[0.817] [0.761] [0.698]

Extraversion -0.006 -0.006 -0.004
(0.020)  (0.020)  (0.020)
[0.733] [0.740] [0.816]

Openness 0.067*  0.067*  0.054
(0.034) (0.034) (0.033)
[0.090] [0.091] [0.118]

Agreeableness -0.035 -0.033 -0.030
(0.024)  (0.023) (0.024)
[0.175] [0.175] [0.215]

Conscientiousness -0.012 -0.013 -0.008
(0.033)  (0.033)  (0.035)
[0.720] [0.684] [0.813]

Risk averse 0.063 0.051
(0.059)  (0.059)
[0.346] [0.411]

Risk neutral -0.012 -0.020
(0.068)  (0.066)
[0.867] [0.761]

Village fixed effects No No No No Yes
Observations 332 332 332 332 332

Notes: Estimates are from a linear probability model. All columns include the learning
network size, which captures information diffusion, and the share of known adopters,
which captures social influence. Column 1 adds socio-demographic control variables
such as age, gender, years of schooling, household size, land size, number of animals,
off-farm job, and household income. Column 2 also controls for energy sources such as
consumed firewood and straw, coal, and liquefied petroleum gas. Column 3 also
includes the Big Five personality traits, i.e., openness to experience, conscientiousness,
extraversion, agreeableness, and neuroticism. Column 4 also controls for risk
preferences by including risk averse and risk neutral dummy variables. Column 5 adds
village fixed effects. Standard errors clustered at the village level are presented in
parentheses. p-values obtained by wild cluster bootstrap-t procedure as described by
Cameron et al. (2008) with 200 replications to account for the small number of clusters
are shown in square brackets. * 0.1 ** 0.05 and *** 0.01 indicate significance levels.
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Table A3

Additional robustness check

Dependent variable: biogas adoption (1/0)

Learning network size 0.045**
(0.019)
[0.042]
Share of known adopters 0.193**
(0.062)
[0.001]
Socio-demographic controls Yes
Energy sources Yes
Big Five personality traits Yes
Risk preferences Yes
Village fixed effects Yes
Observations 329

Notes: Estimates are from a linear probability model.
Illiterate respondents are excluded. The learning network
size captures information diffusion while the share of
known adopters captures social influence. Socio-
demographic control variables include age, gender, years
of schooling, household size, land size, number of
animals, off-farm job, and household income. Energy
sources include consumed firewood and straw, coal, and
liquefied petroleum gas. Big Five personality traits are
openness to experience, conscientiousness, extraversion,
agreeableness, and neuroticism. Risk measures include
dummy variables for risk aversion and risk neutrality.
Standard errors clustered at the village level are presented
in parentheses. p-values obtained by wild cluster
bootstrap-t procedure as described by Cameron et al.
(2008) with 200 replications to account for the small
number of clusters are shown in square brackets. ** 0.05
indicates the significance level.
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Table A4

Results by type of network members — Oster (2019) bounding analysis

Dependent variable: biogas adoption biogas adoption biogas adoption
@) ) ®)

Learning network size: Learning network size: Learning network size:
Government officials [-0.061, -0.006] Trusted [0.007, 0.060] Inside village [0.009, 0.035]
Family [0.178, 0.274] Not trusted [-0.050, 0.057] Outside village [0.129, 0.208]
Friends [0.113, 0.211]

Others [0.099, 0.237]

Share of known adopters: Share of known adopters: Share of known adopters:
Government officials [0.306, 0.474] Trusted [0.096, 0.143] Inside village [0.213, 0.302]
Family [-0.007, 0.021] Not trusted [0.237, 0.583] Outside village [-0.045,0.038]
Friends [0.097, 0.470]

Others [-0.034, 0.043]
Observations 332 332 332

Notes: Estimates show bound estimates based on Oster (2019) for the specifications presented in Table 4. We report bounds
considering § = 1 as suggested in Oster (2019). Delta measures the relative degree of selection on observed and unobserved
variables. Setting § = 1 assumes that the selection on observables is the same as that on unobservables. We also follow Oster
(2019) in setting RZ,, to be equal to min[1,1.3R?], where R? is the R? of the regression with all controls included.
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Table A5

Results by type of network members — Lewbel (2012) approach

Dependent variable:

biogas adoption

biogas adoption

biogas adoption

@) @) ®)
Learning network size: Learning network size: Learning network size:
Government officials 0.006 Trusted 0.052*** Inside the village 0.046***
(0.027) (0.016) (0.013)
Family 0.168*** Not trusted -0.049 Outside the village ~ 0.123***
(0.043) (0.050) (0.045)
Friends 0.109**
(0.049)
Others 0.098**
(0.049)
Share of known adopters: Share of known adopters: Share of known adopters:
Government officials 0.301*** Trusted 0.174*** Inside the village 0.253***
(0.068) (0.058) (0.061)
Family 0.025 Not trusted 0.248* Outside the village 0.001
(0.130) (0.127) (0.167)
Friends 0.120
(0.132)
Others -0.002
(0.103)
Socio-demographic controls Yes Yes Yes
Energy sources Yes Yes Yes
Big Five personality traits Yes Yes Yes
Risk preferences Yes Yes Yes
Village fixed effects Yes Yes Yes
Observations 332 332 332

Notes: The learning network size captures information diffusion while the share of known adopters captures social influence.
Column 1 includes network members who are government officials, family members or relatives, friends, and other types of
members such as neighbors. Column 2 includes trusted and non-trusted network members. Column 3 includes network
members who live in or outside a respondent’s village. Socio-demographic control variables include age, gender, years of
schooling, household size, land size, number of animals, off-farm job, and household income. Energy sources include
consumed firewood and straw, coal, and liquefied petroleum gas. Big Five personality traits are openness to experience,
conscientiousness, extraversion, agreeableness, and neuroticism. Risk measures include dummy variables for risk aversion
and risk neutrality. Standard errors clustered at the village level are presented in parentheses. * 0.1 ** 0.05 and *** 0.01

indicate significance levels.
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