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Abstract

Can low-cost marketing tools that are used to enhance business performance also contribute to creating a better world? The authors
investigate the role of online social media tools in alleviating customer (farmer) uncertainty and promoting the adoption of a new
eco-friendly pesticide in rural China via a randomized controlled field experiment. The key finding is that even for a new product such
as a pesticide, a low-cost social media support platform can effectively promote adoption. A combination of information from peers
and from the firm on the platform facilitates learning about product features and alleviates uncertainty associated with product quality
and appropriate product usage. Nevertheless, at the trial stage of the funnel, the platform underperforms the firm’s customized
one-on-one support because available information does not resolve uncertainty in supplier credibility and product authenticity. Having
an influencer on the platform, albeit not an expert on this product, vouching for its credibility helps resolve this funnel-holdup
problem. From a theoretical perspective, this paper provides suggestive evidence for referent influence and credibility signaling on
social media platforms and consequences for new product trial. The authors also provide direct empirical evidence on how infor-

mation facilitates learning, a phenomenon typically assumed to be present in studies estimating learning models.
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For decades, pesticides have been applied to protect crops and
livestock from pest infestations, to increase crop yields, and to
improve food production (Alexandratos and Bruinsma 2012).
However, pesticide use has also raised serious concerns about
food safety, environmental protection, and sprayers’ health (see
Web Appendix W1). Every year, 200,000 people die because of
toxic pesticides (Science and Technology News 2017), and the
U.S. Environmental Protection Agency (2018) has classified 68
pesticides as potential carcinogens. Promoting the use of safe and
green new pesticide technologies is critical to ecological security.

However, “getting a new idea adopted, even when it has
obvious advantages, is difficult” (Rogers 2003, p.1). In this
study, we investigate how low-cost, online marketing tools can
create a greener and healthier world by promoting the diffusion
of a new pesticide technology in rural China. By implementing
a field experiment including 34 villages and more than 700
farmers, we seek to understand whether a low-cost approach,
based on a widely available social media platform, can be used
to alleviate a major deterrent that hinders the adoption of a new
technology: customer uncertainty.

Customers, especially those in emerging markets and in
rural areas, face several types of uncertainty. These include
uncertainty regarding (1) the authenticity of the new product
and supplier credibility (Hada, Grewal, and Lilien 2014) given
previous experiences with unscrupulous “fly-by-night” opera-
tors (e.g., the fake seed problem in China [China Daily 2014]
and India [The Economic Times 2017]); (2) the “objective”
quality of the product or the “match value” of the product to
the potential user (e.g., Erdem and Keane 1996); and (3) how
best to use or apply the technology to get the best outcomes
from it (Evenson and Westphal 1995; Hanna, Mullainathan,
and Schwartzstein 2014). The traditional marketing literature
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has focused on how uncertainty is resolved vis-a-vis the second
of these issues, since the first is usually not a concern and the
third is usually not an issue in most categories studied.! One
unique feature of our paper is that the technology and context
we consider involve all three types of uncertainty.

The previous literature has explored several approaches to
providing information to prospective users in rural markets so
as to resolve their uncertainties. These approaches include
self-experimentation and external information obtained either
via social interaction with peers or from firms or governmental
organizations (Conley and Udry 2010).2 Although recent liter-
ature has highlighted the role of online social media in con-
sumer product adoption (e.g., Godes and Mayzlin 2004;
Trusov, Bucklin, and Pauwels 2009), its use as a support plat-
form has not been explored in the literature in a
business-to-business (B2B) setting in rural markets.® In such
support platforms, consumers interact with each other online,
and these interactions are supplemented by “broadcast” infor-
mation whereby the firm addresses issues raised by consumers
on the platform.

In the context of online social media, the literature has
examined the roles of influencers in consumer marketing
(e.g., Goldenberg et al. 2009; Gong et al. 2017; Katona, Zubc-
sek, and Sarvary 2011) and opinion leaders in business mar-
keting (Hada, Grewal, and Lilien 2014; Iyengar, Van den Bulte,
and Valente 2011; Nair, Manchanda, and Bhatia 2010).
A second unique feature of our study is that we measure the
additional impact on adoption, if any, of complementing the
social media platform with an influencer.

Quantifying the impact of an influencer, however, is not
straightforward when the technology is new and so there are
no “expert” users of the technology who can serve as opinion
leaders or early adopters to promote the product. Instead, we
examine the role of eminent village personalities as influencers
whose opinions are valued across a broad set of topics, even if
they lack expertise specific to our product. This is a third
unique aspect of the current study. To evaluate the cost—benefit
trade-offs of using such platforms, we also compare the effects
with (1) the results of a more traditional, firm-initiated
one-on-one support approach (Cohen, Agrawal, and Agrawal
2006) and (2) the results when the consumer tries to resolve
uncertainties via self-experimentation.

The diffusion of pesticides involves both trial and ultimate
adoption of the product. Further, the nature of the uncertainties
facing potential users can be different in different stages. For

' While one can argue that dosage and compliance are important for
pharmaceutical products that have been heavily researched, these can be
learned by the physician over time.

2 Note that self-experimentation presupposes trial, implying that it is not rel-
evant for resolving uncertainty regarding authenticity and supplier credibility.
3 We view the pesticide market as a B2B sale because the efficacy of the
pesticide influences the farmers’ livelihoods and because the uncertainties
associated with its adoption are typical of B2B rather than B2C markets.
Nevertheless, we acknowledge that some readers may view the product as
being more like a consumer product.

example, while product authenticity and supplier credibility
may be critical to get a user to try a product, ultimate adoption
is unlikely unless the user can understand how best to use the
product to obtain the greatest benefit from adopting it. A fourth
distinguishing feature of our study is that we consider multiple
behavioral outcomes along the adoption funnel: trial in the
initial stages after introduction, cumulative trial behavior, and
ultimate adoption.

We use a randomized controlled trial to measure the causal
effects of marketing tools in changing behaviors (for a review,
see De Janvry, Sadoulet, and Suri [2017]; see also Banerjee and
Duflo [2011]). We launched a trial program in three rural areas
in two provinces in China, lasting 16 months from April 2017
to August 2018. First, we conducted field research to under-
stand users’ production processes with the new technology, the
obstacles encountered, and how users make decisions given
limited access to information and other constraints. With this
knowledge, we designed a field experiment to quantify the
effects of alternative information sources and marketing tools
in the adoption process.

Our results reveal the following: (1) The social media plat-
forms (both with and without an influencer) result in signifi-
cantly higher adoption rates than the baseline
self-experimentation condition. (2) However, when the plat-
form is complemented by an influencer, adoption rates are
significantly higher than when not using one. (3) The source
of this difference lies in the differential trial rates across groups
rather than in adoption rates conditional on trial. (4) The higher
trial rates can be attributed to the influencer’s early encourage-
ment to try the product. (5) Traditional marketing with persona-
lized one-on-one telephone support yields similar cumulative
trial and adoption rates as the influencer-complemented social
media platform. (6) However, personalized telephone support
has a 35% lower return on investment (ROI) due to its higher
associated costs. Thus, from a cost-benefit perspective, the
social media support platform with an influencer is able to
deliver comparable performance at a lower cost in our context.

Looking at the volume and nature of posts on the social media
platforms, we find that the differential impact of the influencer
in the early trial period is consistent with trust building to elim-
inate uncertainty regarding the product and supplier (French,
Raven, and Cartwright 1959; Kraft-Todd et al. 2018), rather than
social learning about product features from noninfluencers.
Further, by directly measuring the extent of learning about the
various product features by those who tried the product across
both social media conditions, we find comparable learning out-
comes across the two conditions. Nevertheless, for certain fea-
tures of the product, learning falls short of that achieved with
personalized one-on-one telephone support by the firm. These
results suggest that the information on the platforms facilitates
learning by potential adopters, thereby providing direct evi-
dence of the learning mechanism (Ching, Erdem, and Keane
2013) often assumed in the marketing literature.

Our research contributes to the existing marketing discipline in
the following ways. First, we show that low-cost social media
tools can indeed facilitate adoption but also have some
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limitations. While our primary focus is on social media tools, we
empirically compare and contrast the causal effects of multiple
interventions on influencing adoption behavior in a controlled
B2B environment. In contrast, previous literature has typically
addressed one specific marketing tool, mostly in business-to-
consumer (B2C) categories. Second, we disentangle the effect
of a new type of influencer, the eminent village personality, from
the effect of the social media platform by using a randomized
controlled trial; we also provide suggestive evidence on the
mechanism behind its influence. Third, our research is an early
attempt to examine the marketing of eco-friendly products in
developing areas. By bringing together these contributions, we
believe, our research points to ways in which marketing can have
a positive impact on the world around us.

Conceptual Underpinnings
and Relevant Literature

Uncertainties and Barriers to Adoption

From our interviews, we learned that when farmers are first
exposed to a new technology, they need to decide whether to
try it (we provide more insights in the field study in Web
Appendix W2). At this stage, they face (1) uncertainty about
the authenticity of the product and credibility of the supplier,
and (2) uncertainty about the product’s quality and its match
value for their specific situations. These uncertainties are likely
to hinder trial. If they decide to try the product, they need to
make a decision on how to use the technology, a decision
typical in B2B markets (e.g., Hada, Grewal, and Lilien
2014). At this stage, they face (3) uncertainty about how best
to use the product most efficiently to get the maximum “bang
for the buck.” Their decisions on how to use the new technol-
ogy will also affect their learning regarding product quality. In
the final stage, according to the perceived value of the new
product, customers decide whether to adopt the new product.

Resolving uncertainties and preventing misuse are therefore
key to helping customers navigate the purchase funnel in B2B
markets. These aims could be achieved by acquiring useful infor-
mation. Normally, customers have three ways to obtain informa-
tion about a new technology: through self-experimentation, from
external sources including the innovating firm’s support, or
through social interactions with peers (Bollinger and Gillingham
2012; e.g., Conley and Udry 2010). Consequently, understanding
how these different types of information affect trial, learning, and
adoption behavior is critical.

Information from Usage and from Marketing
Channels to Resolve Uncertainties

Self-experimentation and usage. Self-experimentation is, for
those users who overcome the perceived risks and try a product,
the most common way prospective customers learn about a new
technology. Even experienced users, however, are often unable
to use a technology appropriately, which, in turn, limits their
ability to appreciate a product’s true quality. When using a
technology, users face a slew of potential factors that might

affect production and so cannot attend to all of them: their
attention is limited while the number of potentially important
variables is large (Kahneman 1973). Therefore, they can only
pay attention to those variables they think are important, and
they may ignore variables that are truly important to the
production outcome (i.e., selective attention; Hanna, Mullai-
nathan, and Schwartzstein 2014). In our case, the pesticide
solution needs to be of the right consistency (not too much or
too little added water), the holes of the sprayer should be as
small as possible for better atomization results, and other
factors. While self-experimentation is a useful benchmark,
without the above knowledge, learning can be incomplete.

External information from a social media platform. In emerging
markets, information transmission is usually conveyed by
in-person communication, such as discussion with neighbors
(e.g., Conley and Udry 2010; Yamauchi 2007) or training with
agricultural extension agents (e.g., Bindlish and Evenson 1997;
Birkhaeuser, Evenson, and Feder 1991). Such methods are
labor and resource intensive. Information transmission via
word of mouth takes time, leading to delayed adoption
(Bollinger et al. 2019). Smartphone-based social media plat-
forms provide a low-cost solution to enable peer effects by
moving social interactions online, relaxing restrictions on time
and distance required by face-to-face communication. This
type of platform can also facilitate firm-customer communica-
tion through a “broadcast” function in the sense that every
message posted in the online platform can be received by all
its members at the same time. In this article, we propose using
an online social media support platform to facilitate adoption.

External information from an online influencer. In conjunction with
the social media support platform, another marketing interven-
tion we consider is the online influencer. The idea of influen-
cers as catalysts in innovation diffusion has been a key idea in
marketing (e.g., Coleman, Katz, and Menzel 1957; Rogers
2003). Empirical studies have provided evidence on the role
of influencers (e.g., Godes and Mayzlin 2009; Goldenberg et al.
2009; Iyengar, Van den Bulte, and Valente 2011; Libai, Muller,
and Peres 2013; Nair, Manchanda, and Bhatia 2010). Tradi-
tionally, influencers or opinion leaders are functionally defined
as people who transmit new information about a product or idea
to a group (Burt 1999). For example, physicians who prescribe
a new drug share usage experiences of the drug with their
colleagues (Coleman, Katz, and Menzel 1957).

However, the technology in our context is completely new
to the market, so none of the prospective users know about its
existence, let alone have any experience or knowledge in using
it. So, in this article, we explore the role of individuals that we
refer to as “eminent village personalities.” These influencers
have two distinguishing characteristics. First, in the initial
stages of the diffusion process, they do not possess any more
information about the new product than the other prospective
users have. The second characteristic is that notwithstanding
their lack of unique knowledge regarding this particular prod-
uct, their opinions on a variety of topics are nevertheless
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respected by the prospective users. In our fieldwork, we find
that these influencers typically hold some village management
responsibilities. This is consistent with observations of village
leaders in developing countries who are frequently opinion
leaders for a variety of topics, such as health, agriculture, and
education (Rogers 2003). Eminent village personalities in our
context bear some similarity to “market mavens” (Feick and
Price 1987), who possess awareness and information on new
products not only in a specific category but also across
categories.

Behavioral Predictions: Trial Stage

Bearden and Shimp (1982, p. 1) note that a consumer’s
“willingness to try new products and evaluations of these prod-
ucts are related inversely to the amount of perceived risk.”
With our new technology, farmers face uncertainty regarding
the credibility of the supplier or authenticity of the product, the
risk of poor performance, and potential crop damage.* In trying
to lower this risk, consumers look at information that is intrin-
sic to the product, such as its attributes and functions. However,
given the newness of our technology, such features are not
informative; further, the supplier organization is unknown to
the consumer. In such circumstances, the user seeks external
information to provide risk reduction (Olson and Jacoby 1972).
At the pretrial stage, external information made available
through our marketing interventions entirely entails communi-
cations from an influencer or an individual in the social
network. Therefore, the likelihood of trial will depend on such
interpersonal communications.

Role of influencers. With influencers, the mechanism underlying
the effect on trial, if any, could come from a variety of sources.”
The first of these is referent influence, or, as French, Raven,
and Cartwright (1959) note, the belief that users want to be like
the influencer and will be successful in doing so by behaving or
believing as the influencer does. Second, according to cultural
evolutionary theory, credibility-enhancing displays (Henrich
2009) demonstrate that the action of encouragement itself can
enhance product credibility and encourage followers’ cooper-
ation. Even if the encouragement is not related to product fea-
tures, it is credibility enhancing because dissemination of
encouragement through the social media platform is costly to
influencers: if the new product fails, the reputation of the influ-
encers will be hurt. In the absence of the influencer, it will be
more difficult to resolve the uncertainty regarding authenticity
and product quality.

Role of peers. Peer effects occur when trial by peers, conveyed on
the platform, may affect one’s own utility from trial (e.g.,
Banerjee 1992) as users may gain a sense of belonging and

conformity by mimicking others’ activities (e.g., Bikhchandani,
Hirshleifer, and Welch 1998). Alternatively, if peers provide
information regarding product features, this information might
also encourage others to try the product by resolving uncertainty
related to product authenticity and quality, and consequently
motivate trial.

Behavioral Predictions: Adoption Stage

To adopt the product, a key consideration for potential consu-
mers is the perception of value (e.g., Gale and Wood 1994).
Since the new technology is priced on par with pesticides cur-
rently on the market, price per se is unlikely to hinder adoption.
The main route to resolving uncertainty related to quality and
usage prior to adoption is learning. In the absence of any mar-
keting interventions, part of the uncertainty might be resolved
by learning through self-experimentation (e.g., Erdem and
Keane 1996)—if the farmers experience positive outcomes
after trial, they might be more inclined to adopt the new tech-
nology. Such learning may be incomplete because a negative
outcome may stem not from the poor quality or match value of
the product but from incorrect usage. This is the third uncer-
tainty discussed earlier.

Learning models (for a review, see Ching, Erdem, and
Keane [2013]) assume that users pay attention to their key
production input variables and to the data from their experi-
ences and those of others. Information obtained from each
usage occasion provides a (noisy) signal of the true quality or
match value of the product, so users ultimately are able to
achieve their “productivity frontier,” that is, extract the most
from their production inputs (in our case, the new pesticide)
once learning is complete (Hanna, Mullainathan, and
Schwartzstein 2014). However, the productivity frontier is not
guaranteed with a new technology,® as some part of the knowl-
edge associated with applying the technology is tacit, meaning
that it is “not feasibly embedded and neither codifiable nor
readily transferable” (referred to as technological tacitness;
Evenson and Westphal 1995). If prospective customers cannot
appreciate the true benefit of the new technology, they will
abandon the product even after trial. Users on social media
platforms can, however, learn from several sources. First, they
can learn from communications from the firm (much like in
traditional B2B one-on-one marketing). On the social media
platform without an influencer, social learning (Mobius and
Rosenblat 2014) is also possible. The influencer per se, lacking
the specific expertise required at this stage, may not be able to
provide additional inputs beyond those associated with social
learning.

*In our case, since trial involved only the use of free samples, cost
considerations are not relevant.

5 Our objective is to highlight possible mechanisms for the effect rather than to
test for which of these accounts is supported by the data.

© In reality, the productivity frontier is not guaranteed even when experienced
users apply existing technologies. For example, Allen and Lun (2011)
document that even experienced teachers do not apply the best teaching
practices in secondary school classrooms.
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Context and Experimental Design

The Use of Pesticides in China and the New Technology

In this study, we focus on a new nanotechnology-based pesti-
cide formulation (for short, the nano-pesticide) invented by
scientists in a nanotechnology research lab in China. This new
technology has two main advantages over conventional pesti-
cides: (1) it is environmentally friendly and safe for users since
it does not use toxic organic solvents, and (2) its efficiency of
application is improved. The new pesticide can be used in the
same way as traditional pesticides with no requirement for
extra application instruments, such as water barrels and
sprayers, lowering the users’ switching costs. While the effi-
cacy and safety of the nano-pesticide have been established by
many national and international third-party double-blind lab
and field tests, the question facing the developers was whether
farmers would actually try and then adopt the technology.
Thus, while the pesticide awaited approvals from the govern-
ment, the lab (hereinafter termed the “firm”) was interested in
studying low-cost ways of reaching its customers—the farmers.

Trial Program

In association with the firm, we launched a trial program that
ran from April 2017 to August 2018. The aim was to recruit
approximately 1,000 farming households, provide them with
free samples of the new pesticide, and get them to try and then
adopt (i.e., order at the market price) the new technology. The
program included two pilot studies and one field experiment.
The first pilot study was conducted from April 2017 to Febru-
ary 2018 in the Wuzhishan area of Hainan province, and the
second one was conducted from April to June 2018 in Zhijiang,
Hubei province. We recruited 352 farmers from 15 villages for
the pilot studies. The pilot studies helped achieve three goals.
First, they helped us understand individual farmers’ production
practices and potential problems encountered while using the
new pesticide. From these findings, we designed standardized
guidelines for providing customized instructions on using the
new technology to address specific questions such as how to

adjust important input dimensions if the pest control outcome
was not satisfactory, how to customize the application method
for certain crop species (e.g., rice, vegetables, cotton), and so
forth. Second, as our experimental treatments involved social
media support (and personalized telephone assistance for com-
parison), adequate training for service providers with systema-
tic and standardized protocols was critical. Third, especially for
the second pilot study, we replicated our experimental proce-
dure in a place similar to the location of the real experiment but
geographically far away. This helped us test for feasibility in
the local environment; it also enhanced external validity in
terms of repeatability of the program design and implementa-
tion. The main field experiment was conducted from June to
August 2018 in Zaoyang and involved 34 villages and 702
farmers (one farmer per household).

Design of the Experiment

Figure 1 shows the two levels of marketing interventions. The
first level is the communication medium deployed to reach
potential adopters: the social media support platform, the
firm’s traditional one-on-one personalized customer support
by telephone, and the self-experimentation control group.
The second level involves the deployment of eminent village
personalities in the online environment. The sources of infor-
mation corresponding to each treatment are shown in Table 1.

Social media platform. For villages in our two social media treat-
ments (one with influencers and one without), we formed an
independent online discussion group/platform on WeChat for
each village. Only farmers in the same village were invited to
the village’s discussion group. On the online platform, people
can discuss any topic they want, not necessarily only related to
the new pesticide. They can raise questions about the new
pesticide or agriculture in general, to be answered either by
other farmers in the same discussion group or by the firm
(represented by the researchers). Any information provided
on the platform (i.e., from farmers and the firm) is available
to all its members. Information on farmers’ trial and adoption
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Table I. Information Sources by Treatments.

Sources of Information

Self- Offline Social Customized Expert Online Social Information from
Treatment # Villages # Farmers Experimentation Interaction Instruction Interaction Influencers
Control 8 148 Y Y N N N
Firm’s one-on-one support 8 172 Y Y Y N N
Social media 8 121 Y Y Y Y N
Social media with influencers 10 202 Y Y Y Y Y

Notes: Y = yes; N = no.

decisions were collected via follow-up surveys (described
later).

Online influencers. In around half of the social media treatment
villages, we introduced eminent village personalities as influen-
cers. Consistent with research in this area (e.g., Miller and
Mobarak 2014; Nair, Manchanda, and Bhatia 2010), they were
nominated by prospective users in the social network rather
than appointed by the researchers. Influencers chosen usually
had some responsibility related to village management. In Web
Appendix W3, we provide a description of the influencers. Of
the eight influencers, five are village officers or party secre-
taries, two are village women’s directors, and three are directors
of plant protection stations. Those positions hold responsibilities
for villagers’ daily lives and welfare, such as agricultural pro-
duction, poverty reduction, birth control, and heath care. Emi-
nent village personalities are respected by farmers because of
their positions and professional credentials. However, they do
not have expertise with our new product per se.

In the initial week of the experiment, we encouraged the
influencers to post messages to motivate other farmers on their
platforms to try the new pesticide. Although they were not
required to, we expected these influencers to respond (albeit
differentially) to our encouragement as they are relatively more
advanced in their social networks and their village management
duties entail helping farmers achieve better outcomes. Further,
they might view this participation as a way of exercising
thought leadership in the peer community. Thus, we believed
that these eminent village personalities would view their roles
as part of providing advice to members of the community on a
variety of topics. Consequently, we did not provide them with
any monetary incentives.’

One challenge facing researchers is how to establish a causal
relationship between influencers and the adoption process.
Most existent marketing research studying effects of influen-
cers use observational (i.e., nonexperimental) data, where the
effect of influencers is confounded with the effect of networks.
Therefore, we decided to take an experimental approach
instead. Our experimental design is inspired by peer

7 Typically, online influencers are compensated for promoting products; in our
case, there was neither the requirement that they post messages nor an incentive
if they did so.

encouragement designs, as in Eckles, Kizilcec, and Bakshy
(2016), Aral and Walker (2012), and Banerjee et al. (2013).
In peer encouragement designs, peers are randomly assigned to
an encouragement behavior, which can increase or decrease the
chances of those peers engaging in specific behaviors. One can
then observe how this encouragement induces endogenous
behavior in the network and, consequently, measure how peer
effects influence outcomes. Compared with using observa-
tional data, running experiments such as peer encouragement
designs can effectively avoid the presence of confounding due
to homophily and common external causes (e.g., Manski 1993;
Shalizi and Thomas 2011). In our context, we introduce influ-
encers as an encouragement to induce endogenous online social
interactions and, consequently, trial and adoption decisions for
the new technology. Importantly, we have two other conditions
that help us isolate the effects of the influencers: a condition
with the social network but without the influencer and another
with neither. Together, these three conditions make our experi-
ment unique while allowing us to isolate the effects of the
various interventions.

Firm-initiated customized support. One-on-one support was pro-
vided to farmers by telephone during follow-up surveys start-
ing two weeks after the start of the trial (this group received no
interventions till then). In each survey, the support personnel
reminded those who had not tried the product to do so and
learned how the farmers were using the pesticide, to address
any questions or concerns. All the information provided fol-
lows standardized instruction guidelines (see Table W4-1 in
Web Appendix W4). Only the contacted farmers received cus-
tomized instructions. This approach is expensive to implement
because it involves two-way communication in which each
farmer has the opportunity to engage with the service provider.
Since the first interaction occurs during the first follow-up sur-
vey, we do not expect farmers in this treatment condition to be
different from those in the control group (self-experimentation
only) at the time of the first survey in terms of trial behavior.

The Agricultural Environment and Experimental Setup

Three specific features of the agricultural environment and
farmer behavior have implications for the design and imple-
mentation of our field experiment. In our field experiment, we
focused on farmers living in the same growing region to
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mitigate concerns regarding the impact of spatial heterogeneity
on agricultural practice (e.g., Carter, Laajaj, and Yang 2014;
Suri 2011). Next, we required that all research tasks and infor-
mation collection be completed within the same planting sea-
son to mitigate the effects of seasonality and unpredictable
weather patterns (De Janvry, Sadoulet, and Suri 2017). Third,
our observational period was in line with the pest control cycle
since being too late or too early could significantly affect a
farmer’s willingness to try or adopt a pesticide.

To investigate the impact of social media via a randomized
controlled trial and to avoid contamination across treatment
units, we needed to use independent, naturally formed, and geo-
graphically separated social networks, such as villages, as our
observational units. Fortunately, Zaoyang is a large agricultural
area with approximately 160 agriculture-based villages. With
the endorsement of the local (official) agricultural department,
we selected 34 villages that are similar in terms of geographical
features, production conditions, income levels, culture,
language, and other factors. Farmers in these areas plant rice
as their main crop and face the same schedule for seeding,
irrigation, pest control, and harvesting.

On the first day, the experiment began with an information
session. Since a requirement of the village (government)
officers was that all farmers in the village should have the
opportunity to participate in the study, an announcement of the
information session was made on the village’s public address
system the day before the session in all villages in this study.
Village officers were not privy to any information regarding
the specific treatment group that the village was in. Conse-
quently, we do not face an issue of differential selection into
the treatment groups. By focusing on those who then showed
interest, the experiment helps control for heterogeneity along
unobserved dimensions, such as the effort that users are willing
to put into the new technology (De Janvry, Sadoulet, and Suri
2017). Between 14 and 30 farmers showed up in each village to
attend the information session conducted by the researchers.
During the information session, the researchers gave a
15-minute introduction on the features of the new pesticide
technology, including background information and the basic
application methods. Participants were required to fill out a
baseline survey to collect information on their demographics
and farming practices. Extended surveys were then adminis-
tered to a subset of farmers (described subsequently). See Fig-
ure W4-2 in the Web Appendix for a visual illustration of the
research process.

After the baseline survey, free samples of the new pesticide,
sufficient for 1,333 square meters of crops or vegetables, were
distributed. Farmers in villages assigned to the two social
media treatments were then invited to join a social media dis-
cussion group formed for their specific village by scanning a
QR code using WeChat. During the information session of a
village in the social media with influencers treatment condi-
tion, we asked farmers to nominate one person as the group
leader (the eminent village personality) in the discussion group.
The next two months were the observation period. We con-
ducted three follow-up surveys every two weeks to collect

information on each farmer’s production inputs, outcomes if
they tried the new pesticide, satisfaction levels, and so forth.
During the last follow-up survey, researchers asked farmers
whether they were willing to adopt this new technology, offer-
ing them an opportunity to order the product at the market
price. We asked the farmers who decided to order it to put
down 20% of the price of their order as collateral and provide
their government-issued personal identification numbers. Since
the pesticide could only be used in the next planting season,
putting down a partial payment in advance can be seen as a
strong commitment toward future use.

Data Description

Of the 702 farmers, we omitted 59 from our final sample for the
following reasons: (1) farmers decided to work in cities and did
not farm that year, (2) farmers left the wrong contact numbers
and were untraceable, or (3) farmers listed identical contact
information. This left us with 643 farmers as individual units
in our sample.

We also observe communications on WeChat, the social
media platform. During the study period, farmers in the two
social media treatments could freely communicate on their
villages’ social media discussion groups. Messages posted
included photos or videos of pesticide application and other
types of discussions: asking questions, describing usage experi-
ences, replying to others’ questions or comments, and sharing
instructions given by the firm (for examples, see Figures W43
and W4—4 in the Web Appendix W4). To collect this type of
information, we downloaded all messages posted on each vil-
lage’s WeChat group. We then manually categorized those
messages into one of the following: (1) information format
(e.g., video, audio, text, emoji); (2) information content
reflected in seven different topics (e.g., new pesticide and trial
program related, agricultural, nonagricultural); and (3) senti-
ment conveyed in a message: positive (e.g., praise for the prod-
uct), neutral, negative (e.g., complaints).

Table W5-1 in the Web Appendix provides descriptive sta-
tistics of the main characteristics of the farmers. Approximately
66% of farmers in the main sample are men. The average farmer
in the study was approximately 51 years old, had a middle school
education, and has two family members who farm. The average
percentage of farmers who own more than 3.3 acres of arable
land is around 40%, in line with the trend of transforming from
small-farm planters to larger planters in rural China (Schuman
2018). Approximately 20% of farmers are or used to be village
officials. In Web Appendix Table W5-2, we provide balance
checks across treatments and the control group. As illustrated
there, only 4 of the 36 comparisons we consider are significant,
which could be due to chance.

For the eminent village personalities, we found that the average
age is approximately 46 years, indicating that they are younger
than the average farmer in our sample (approximately 51 years). In
addition, they are better educated (high school or above) than
the average farmer (middle school to high school). In terms of
other characteristics, such as the number of family members
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Figure 2. Changes of online social interactions over time.

Notes: This figure shows the changes in the cumulative number of messages created by farmers on each village’s social media platforms. Villages in the social media
with influencers treatment and social media alone treatment are represented by dots and crosses respectively. The mean values of the social media with
influencers treatment are denoted by bars and those of the social media alone treatment are shown as dotted bars. Panel A contains messages on all topics,
Panel B contains messages on topics related to the new pesticide and trial program, and Panel C contains messages on unrelated topics.

who farm and size of farmland, the influencers are similar to
the entire sample (see Web Appendix W3).

A unique feature of our interventions is the use of social
media platforms and the ability to study the nature of online
interactions. Before we present our main findings, we first
describe the volume, topics, and valence of the online conver-
sations. Figure 2, Panel A, shows the evolution of social inter-
actions on the social media platforms of villages in the two
social media treatment platforms. We find that social media
with influencers creates more messages than social media alone
in terms of both the total number of messages (M = 136.2,
SD = 39.0 vs. M = 68.0, SD = 38.8) and messages per person
M=74,SD=32vs. M=4.3,SD = 1.1; p < .01). In addition,
we check to see whether the influencers are creating the bulk of
the comments on the social media platform and find that the
average percentage of messages created by them is just 8.8%
(SD = 3.8%), which means that most of the discussion is being
generated by other prospective users.

Summary statistics of message topics are in Table 2. We
find that farmers in the social media with influencers treatment
are more willing to post evidence regarding their application of
the pesticides than are farmers in social media alone treatment
(see the first row). The former group of farmers is more active
in discussing the new technology and topics related to the trial
program (see the second through the sixth rows) than their
counterparts in the social media alone treatment. Also, in the
social media alone treatment, more of the posted messages
concern topics unrelated to the new pesticide, such as news
and jokes. A similar pattern may also be found over time in
Figure 2, Panels B and C. This indicates that the eminent
village personalities helped create an online discussion envi-
ronment that fosters more active and relevant online social
interactions. Finally, we also categorize the valence of the
content of the posts. We found that the proportion of positive
messages created in the social media with influencers treatment
is .063, whereas that for the social media alone treatment is
.012 (p < .10). Moreover, there is no difference between the
two social media treatments in terms of neutral and negative
messages.

Findings

The focus on social networks as the units of analysis con-
strained our ability to work with a large number of villages.
We recognize that the small sample size (34 villages) makes
identifying significant effects difficult. Even so, as we show
next, we obtain statistically significant results as reflected in
different parametric and nonparametric tests. In this section, we
present results on our key behavioral outcomes: trial and adop-
tion behaviors. In the next section we discuss the possible
mechanisms behind the influence of different marketing
interventions.

Trial and Adoption Behaviors: Village-Level Analysis

Table 3 shows regression results for dependent variables
defined as the village-level (1) early (during the first
two weeks) and final or cumulative (during all eight weeks)
trial rates (proportions of sample farmers trying), (2) adoption
rates (after eight weeks; proportions adopting), and (3) condi-
tional adoption rates (ratio of adopters to triers). The indepen-
dent variables are indicators for the various marketing
interventions. The base condition is the self-experimentation
control group. The differences across treatment groups are crit-
ical in our analysis. However, standard asymptotic tests can
over-reject when the number of clusters is small (5 to 30).
Hence, we adopt the cluster bootstrap-t procedure (see bottom
panel of Table 3), which can provide asymptotic refinement
(Cameron, Gelbach, and Miller 2008).

In the second column of Table 3, the dependent variable is the
early trial rate. We find that the social media platform that
includes an influencer shows the highest mean early trial rate
across villages. This indicates that when everyone is unfamiliar
with the new technology, an eminent village personality can
have a significant positive influence on trial behavior, overcom-
ing uncertainty over authenticity and supplier credibility. We
also see that the social media alone treatment does not outper-
form the control group, the self-experimentation condition.
Since we provide the firm’s identical online support in the form
of “broadcast” messages (e.g., welcome message and reminders)
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Table 2. Summary Statistics for Topics Discussed in the Online Conversations.

# of Messages per Farmer

Social Media
Online Message Types Statistics  with Influencers  Social Media  Overall
I. Farmers show application evidence (photos or videos) Mean 1.985 .838 1.476
SD 1.709 1.047 1.530
2. Farmers provide descriptions on efficacy of the new pesticide Mean 375 .087 247
SD Al 141 .345
3. Farmers raise questions or provide answers to inquiries about the new pesticide = Mean 812 440 .647
SD 877 .559 756
4. Farmers raise questions or provide answers to inquiries about the trial program  Mean 1.017 339 716
SD 367 407 510
5. Researchers answer farmers’ questions related to the new pesticide Mean I.155 573 .896
SD 1.052 363 .854
6. Farmers show trial program related photos or videos Mean .743 .053 436
SD 813 .099 .692
7. Topics unrelated to the new pesticide Mean 1.305 1.981 1.605
SD 767 1.373 1.099

Notes: We classified the various conversations into seven main topic areas. This table describes each of these topics and also provides descriptive statistics

regarding each one.

Table 3. Effects of Marketing Treatments on Trial and Adoption Behaviors (Group-Level Analysis).

A: Estimation Results (Ordinary Least Squares)

Dependent Variables

Early Trial Rate Final Trial Rate Adoption Rate Conditional Adoption Rate

Social media with influencers

25155 (069)

20075 (044) 338 (074) 268 (083)

Social media —.076 (.071) —.055 (.068)  .178%F* (.048) 327 (.069)
Firm’s one-on-one support .010 (.057)  .188*F* (.059) .307*** (.046) .265%#* (.055)
Constant 3919 (042)  .666%FF (.034)  .244%F (.032) .380*+* (.054)
Observations 34 34 34 34
R-squared A76 .506 .503 449
Village-level clustered errors Yes Yes Yes Yes

B: Across-Treatment Coefficient Difference Tests (Wald and Wild Cluster Bootstrap t-Test)
Social media with influencers = Social media 17.6 1%+ 17.75%+ 4.36%* .58
Social media with influencers = Firm’s one-on-one support 13.3 2% 33 A7 0
Social media = Firm’s one-on-one support 1.6l |.15%%¢ 6.84%* 1.81
* <.l
*p < .05.
HEp < .01,

Notes: This table provides regression results for each of our outcome measures as dependent variables regressed on the treatment dummies. Constant represents

the value for the control group. Robust standard errors are in parentheses.

during the first two weeks on every village’s social media plat-
form, such information by itself may not be powerful enough to
overcome farmers’ uncertainties. Note that the firm-initiated
one-on-one customer support was only launched right after the
second week of the experiment (during and after the first
follow-up survey), meaning that there was no difference between
the firm’s one-on-one support treatment and the control group,
as expected without any external information sources.

The third column shows results when the cumulative trial
rates are the dependent variables. Interestingly, we find that
social media with influencers again outperforms the social
media alone treatment and the control group, with the social

media alone treatment not showing a statistically significant
difference from the control group. This confirms the previous
finding that the social media platform alone cannot foster peer
effects as expected, shaping our understanding of online social
influence in the absence of other ways to overcome uncertainty
regarding product authenticity and supplier credibility. The
performance of the firm’s one-on-one support treatment
demonstrates the persuasive role of personalized
firm-initiated support in overcoming the uncertainty regarding
authenticity.

The fourth column uses the adoption rate as the dependent
variable. Marketing interventions that use social media
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platforms, regardless of the presence of influencers, outperform
the self-experimentation (and any offline social interactions)
control condition. Further, the social media with influencers
treatment shows a significantly higher adoption rate than the
social media alone treatment. Nevertheless, these findings indi-
cate potential learning effects from using the social media sup-
port platform on the final adoption behaviors of farmers. In
addition, since all the marketing interventions involve some
external support from the firm, this could also reflect the use-
fulness of the firm’s assistance for B2B customers. Finally, the
firm-initiated one-on-one support does as well as social media
with influencers in terms of adoption.

From the last column, we see that all marketing interven-
tions show significant effects in improving the adoption rate
among farmers who tried the new technology (termed the con-
ditional adoption rate for brevity in the following text), sug-
gesting the presence of some forms of learning. Furthermore,
the conditional adoption rates of the three marketing treatments
are not significantly different from each other. This implies that
once farmers in the social media alone treatment try the pesti-
cide, the additional external information available significantly
influences their adoption rate. Given their trial rate similar to
that of the control group, this implies that some external infor-
mation is required even after trial to convince farmers to
adopt.®

Robustness checks. We conducted a number of robustness
checks of our findings. The first is that we used as dependent
variables the raw numbers of farmers who tried and adopted the
pesticide instead of using village-level proportions. The benefit
of doing this is that it prevents the potential influence of heavier
trial and adoption rates in villages with fewer sample farmers
from biasing our results. Table W6—1 in Web Appendix W6
shows the results. We find that all the key differences are
significant and consistent with the previous analysis. Next, to
further assess statistical significance, we conducted a permuta-
tion test, a nonparametric method, as in Bloom et al. (2013).
Different from the traditional tests, which rely on asymptotic
arguments along the cross-sectional dimension (here, the num-
ber of villages) to justify the normal approximation, permuta-
tion tests do not rely on asymptotic approximations. They
are based on the fact that order statistics are sufficient and
complete to produce critical values for test statistics. Since the
comparisons between treatment groups and the control group
are obviously significant even in asymptotic tests, we present
only the results of the differences across various treatments
from permutation tests in Table W6-2 in Web Appendix W6.
We also provide a detailed illustration of this test in Web
Appendix W6. We see that all the differences across treatment
groups are significant, as in the previous regression analysis.

8 We urge caution in interpreting the results for the conditional adoption rates
since these are not directly observed outcomes generated by the randomization,
unlike the trial and adoption rates.

Trial and Adoption Behaviors: Individual-Level Analysis

The literature involving social networks and adoption often
leverages individual-level data despite the likely correlation
in decisions across members of the network. Such studies
include Miller and Mobarak (2014), BenYishay and Mobarak
(2014), Beaman et al. (2016), and Banerjee et al. (2013). Most
of these studies perform individual level analyses based on a
conditional independence assumption: that is, conditional on
being in each treatment group (and all the factors influencing
trial and adoption therein), any unobservable factors influen-
cing the individuals’ decisions are independent across individ-
uals. Thus, the treatment dummy encompasses those
unobserved factors influencing behavior that might induce cor-
relations across individuals. Under this rather strict assumption,
we can run individual-level (logit) analyses by controlling
for covariates and clustering standard errors. We present these
results, which replicate our findings from the group-level
analysis, in Table W6-3 in Web Appendix W6.

Customer heterogeneity and adoption behavior. At the time of our
baseline data collection, in addition to that survey, we were
able to collect additional information from about 75% of our
sample farmers. It was not possible to collect these data from
all of them because the village officers imposed constraints on
how long we could talk to them depending on the time of day
that the specific farmer was interviewed (the officers did not
want the farmers distracted from productive work). Thus
participation in the extended survey can be assumed to be at
random, and we verified this by comparing their characteristics
to the full sample. A list of these variables and the specific
questions are in Web Appendix W7.

In this section, we use the additional variables as covariates
and moderators to study how customer heterogeneity affects
adoption or moderate the effects of different marketing inter-
ventions on adoption.” Given space constraints, we focus here
on the outcome that ultimately is of most interest, that is, adop-
tion (see Web Appendix Table W6—4). Overall, in terms of
model fit, including these variables seems to be adding no
incremental explanatory power, looking at either the Akaike
information criterion or the Bayesian information criterion.
The main effects of most of the additional variables are esti-
mated imprecisely and are not statistically different from zero
under conventional levels. However, there is one exception: we
find that users with larger farms are more likely to adopt the
new technology than smaller farmers are. Further, our modera-
tion analyses reveal a few patterns. First, the variable “farmers
think the most important factor influencing their pesticide pur-
chase decision is price” has a negative interaction with the
social media treatments, suggesting that people who are more

° Because computing and interpreting interactions in nonlinear models are not
as straightforward as with linear models (Ai and Norton 2003; Hoetker 2007),
we conducted robustness checks as suggested in Norton, Wang, and Ai (2004).
The results indicate that our inferences based on the interaction terms are
robust.
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Table 4. Descriptive Statistics of Messages Posted by Noninfluencer Farmers on Social Media.

Related Topics

Treatment Stats Product Effect® All Others® Unrelated Topics
Weeks | and 2 Social media with influencers Mean 1.70 .70 .30
SD 221 .82 .67
Social media Mean .50 1.13 75
SD .76 2.80 2.12
Weeks 3-8 Social media with influencers Mean 9.60 38.20 11.10
SD 8.80 22.59 6.42
Social media Mean 3.50 6.63 12.25
SD 4.72 6.72 17.30

Notes: Product effectiveness and usage related messages posted by farmers. All the other new pesticide and trial program related messages, such as sending
application photos. This table shows the number of product-related and other messages posted by the farmers on social media in the first two weeks and
subsequent weeks of the intervention. We exclude messages from the eminent village personality influencers in constructing the table.

price sensitive will benefit less from the social media treat-
ments (than the control group). Further, the interactions
between the three treatments and the dummy “farmers think
the most important factor influencing their pesticide purchase
decision is user safety or health hazard” are positive and sta-
tistically significant for all marketing treatments. This, along
with the negative main effect (indicating that those for whom
health issues are important are least likely to adopt), suggests
that all our marketing interventions are able to overcome the
baseline lower level of adoption by such farmers. Finally, older
farmers benefit significantly more from the firm’s one-on-one
customized assistance through the telephone than younger
farmers; that is, the traditional communication method does
better in assisting older customers.

Mechanisms

In this section we provide some suggestive evidence for the
potential mechanisms that might underlie our findings. Since
the evidence is correlational, we cannot make causal claims.
Nevertheless, we feel that the information provides insight into
what might be going on.

Trial Behavior

During the first two weeks of the experiment, we find that the
social media with influencers treatment outperforms the social
media alone treatment. What might be the mechanism under-
lying this difference? One explanation is that the influencers
build trust and enhance credibility through referent influence
by providing words of encouragement and mentioning their
own usage (French, Raven, and Cartwright 1959; Henrich
2009; Merton and Merton 1968). An alternative explanation
is effective online social learning, whereby peers (noninfluen-
cers) provide information on their own trial and usage experi-
ence and directly affect a farmer’s knowledge about the new
product (Conley and Udry 2010).

Online word of mouth and trial behavior. For suggestive evidence on
online social learning, we look at what happened on the social

media platform. First, we observe that influencers posted
encouraging messages online (see Table W8—1 in Web Appen-
dix W8) in the initial stage of the intervention (e.g., the influ-
encer from a village posted, “Hello, my farmer friends!
Recently the weather is good for pest control. Please use the
new pesticide from.... Don’t forget to post your application
photos”). On average, while influencers posted 4.4 encoura-
ging messages in the first two weeks, five influencers posted
2.4 messages regarding their own trial. Further, Table 4 shows
a summary of messages generated by farmers (excluding influ-
encers) during the first two weeks (before the first survey) and
the other weeks of the experiment. We categorize messages
into three types based on their content. The first type contains
messages directly related to description of effectiveness of the
new pesticide, the second one contains all the other messages
related to the new pesticide and the trial program, and the third
one contains messages on unrelated topics. We find that during
the first two weeks of our experiment, few messages address
the new pesticide or the trial program. The total average num-
ber of messages per village is less than three, and there is no
significant difference between the social media with influen-
cers treatment and the social media alone treatment. Mean-
while, the number of messages related to product efficacy is
even smaller. Thus, online social learning (Mobius and Rosen-
blat 2014) from peers (noninfluencers) is less likely to drive
early trial behavior through enhancing the knowledge base of
the new technology.

Taking these findings together, we see that the difference
between the two conditions is not in terms of the online behavior
of noninfluencers but in the social media with influencers treat-
ment, reflecting encouragement and usage messages by the influ-
encers. We take this as suggestive of the impact of eminent village
personalities on initial trial behavior through trust building for the
new technology, the supplier, and the trial program, thereby alle-
viating the first type of uncertainty referred to earlier in the paper.
To show the correlation more formally, we estimated a logit model
of noninfluencer villagers’ early trial decisions (1 when a farmer
tries the product, O otherwise) with the number of encouraging
messages, whether the messages include the influencer’s usage
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experiences, and other controls in the social media with influen-
cers condition (see Table W8-2 in Web Appendix W8). We find
that encouragement reflecting usage experience has a strong and
significant positive correlation with early trial behavior.

From the third week on, the volume of the new technology-
related discussions increased rapidly (see both Table 4 and
Figure 2, Panel B). At the same time, the risk mitigation effect
of the influencers diminished, as they posted fewer encoura-
ging messages (see Table W8-1 in Web Appendix W8). To
show some correlational evidence between trial behaviors and
online activities, we look at the decisions of noninfluencer
farmers to try the pesticide during the eight-week duration
in the two social media support conditions as a function of
the number of pesticide-related messages posted by
noninfluencers. We find that the number of pesticide-related
messages has a positive and statistically significant correlation
with cumulative trial, but only in the social media with influen-
cers condition (see Table W8-3 in Web Appendix W8).

The role of eminent village personalities and social media platform
on trial behavior. These results suggest that the eminent village
personalities facilitate diffusion in two ways. First, they can
directly motivate the initial use of a new technology by miti-
gating risk in the early stages by engendering trust. Second,
they act as catalysts for online social interactions by others,
thereby indirectly influencing the diffusion process. We con-
jecture that the early trials due to influencer engagement results
in these triers’ contributing to online word of mouth. As the
interactions among prospective users continue to evolve and
propagate by themselves, those online interactions motivate
more people to try the product. This larger base of users who
have tried and experienced the product ultimately results in
adoption and diffusion of the new technology. At the same
time, for farmers who have already tried the pesticide, the
presence of eminent village personalities appears to have no
direct effect on final adoption behavior, as information at this
stage comes from peers or from the firm’s broadcast informa-
tion. Indicative evidence for this can be seen in the similar
conditional adoption rates across the two social media treat-
ment conditions.

Traditional one-on-one customer service and trial behavior. For the
one-on-one customized telephone support condition, using the
logs maintained by the support staff, we categorized the calls’
focus as product-related, risk-related (harm to crops or product
authenticity), or price- and purchase-related. At the end of the
first two weeks (when the first set of calls occurred), a majority
of the calls (61%) were related to risk, followed by product
(38%). However, in subsequent weeks, the calls shifted to
product-related issues (83%). Importantly, a logit analysis of
individual trial on call duration (and controlling for
demographics; that is, older farmers need longer call
durations) shows a strong positive correlation between
duration and trial behavior. In this case, using the
terminology of French, Raven, and Cartwright (1959), it

appears that the firm’s expert influence facilitates trial by the
farmers.

Adoption Behavior and Learning Outcomes

In our conceptual underpinnings section, we noted that adop-
tion requires farmers to resolve their uncertainties regarding
quality and usage. In other words, they need to learn about the
product’s characteristics, such as effectiveness and harm to
crops, and about its usage. To this end, in the final survey we
asked farmers who tried the new pesticide to evaluate the ben-
efits of the new technology and usefulness of the trial program.
We asked the following questions: (1) “Comparing the new
pesticide with the one you used before, do you think the new
technology shows better results in: (i) pest control effective-
ness, (ii) harm to crops, and (iii) pesticide usage reduction,”
and (2) “Do you agree/disagree with the following statement:
the trial program helped me obtain useful information and
knowledge about the new technology.” Answers to both ques-
tions were measured on five-point scales, where 1 = “Strongly
disagree” and 5 = “Strongly agree.” This approach of measur-
ing learning outcomes directly is a unique feature of our article,
as most learning papers infer that learning occurred from trial/
adoption outcomes (see Ching, Erdem, and Keane 2013, for a
discussion).

We first calculate a treatment-level “satisfaction” measure as
the proportion of farmers who provided a rating of 4 = “Agree”
or 5 = “Strongly agree.” Table 5 shows these results. We see that
the learning measures are highest for the social media with
influencers treatment (and the one-on-one support treatment) for
the product features of “effectiveness of pest control” and
“pesticide usage reduction.” The product attribute “harm to
crops” is harder to define, compared with the other two product
attributes. Interestingly, we found that the firm’s one-on-one
support is more effective in promoting understanding and satis-
faction for this more opaque attribute, indicating the superior
nature of personal interactions between the firm and prospective
users in communicating vague product features. The last two
columns are related to the overall evaluation of the usefulness
of the program. They show that the social media treatments
outperform the control group, which is consistent with the results
we observed in the previous sections. The traditional marketing
approach also performs well.

To correlate the marketing interventions more formally with
measured knowledge and learning about the new pesticide’s
attributes, Table 6 shows the results of an individual-level
ordered logit regression (given the five-point measurement
scales described earlier) with village-level clustered standard
errors. Our sample focuses on farmers who tried the new tech-
nology during the experiment, and so our results should be
interpreted with some caution since the farmers who tried it
did so as a consequence of receiving different treatments. The
dependent variables are the measures on beliefs (learning)
regarding the three product benefits. In Models 1 and 3, where
the dependent variables are learning measures on product
effectiveness and usage reduction, all three marketing
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Table 5. Farmers’ Beliefs on Superiority of The New Pesticide Compared to Traditional Pesticides along Four Attributes: Evidence of Learning.

b Effectiveness Harm to Crops Usage Reduction Program Usefulness
Treatment Mean SD Mean SD Mean SD Mean SD
Social media with influencers 470 .500 .228 420 431 496 .698 460
Social media .355 481 .182 .387 273 447 .595 493
Firm’s one-on-one support 523 .501 A77 .501 .552 499 .605 490
Control .284 452 209 408 236 426 372 485
Total 420 494 281 450 .389 488 .579 494
Across-Treatment Difference Tests

Social media with influencers = Social media o — Holok *

Social media with influencers = Firm’s one-on-one support — ok ok *

Social media = Firm’s one-on-one support ok ok ok —

Social media with influencers = Control ook — ook ook

Social media = Control — — — Holek

sk ek ek ek

Firm’s one-on-one support = Control

* < ..
*p < .05.
By < 0l

Notes: This table reports farmers’ responses regarding various attributes of the pesticides and their agreement with whether the new pesticide is superior on these
attributes. Numbers represent the proportions agreeing or strongly agreeing to the new pesticide’s superiority.

Table 6. Effects of Marketing Treatments on Farmers’ Beliefs About the New Pesticide (Individual-Level Ordered Logit).

(M

Dependent Variable

Effectiveness

) ©)

Harm to Crops Usage Reduction

Social media with influencers .680** (.338) .133 (.441) 775% (.309)
Social media J75F (264) 161 (.479) 6647 (.301)
Firm’s one-on-one support .668%* (.282) | 464+ (428) 1.207*%%F (.294)
Gender .006 (.164) .000 (.237) 212 (.192)
Age —.012 (.010) .014 (.013) —.010 (.010)
Current or previous village official 598k (1212) .093 (.271) A39* (251)
Education level —.110 (.157) 246 (.169) —.014 (.128)
Number of family members who farm —.249% (.083) —.068 (.136) —.120 (.125)
Owning arable land larger than 3.3 acres —.016 (.201) —.230 (.223) —.126 (.164)
Observations 494 494 494
Village-level clustered error Yes Yes Yes
Akaike information criterion 1,299.57 813.03 123.55
Bayesian information criterion 1,354.20 867.66 1,285.18

* <.l

Fp < .05.

By < 0l

Notes: This table presents results from an ordered logit analysis with farmer-level data where the dependent measure is the agreement on a five-point scale with
whether the new pesticide is superior to existing pesticides along the three attributes of interest. Robust standard errors are in parentheses.

interventions have significantly higher results than the control
group, meaning that the lower-cost social media tools help
improve understanding of product efficacy and usage amount.
Harm to crops is the most difficult product feature to learn in
our context. Among the three marketing interventions,
one-on-one support on the telephone is strongly correlated with
improving learning outcomes for all attributes. We also find
that individuals who have served as village officials are more
likely to have a higher evaluation of product effectiveness and a
reduction in usage amount, indicating some heterogeneity in
appreciating the new technology.

We also analyzed whether learning about product features
mediated the effects of marketing interventions on adoption.

Such an analysis is often used to investigate underlying beha-
vioral mechanisms but is not common with survey data (for an
exception, see Bollinger et al. 2019). A caveat in interpreting
such an analysis is that it is not causal in nature. Further, the
analysis conditions on trial, which is another potential limita-
tion. By implementing a bootstrapping procedure described by
Imai, Keele, and Tingley (2010), we found that learning about
product efficacy mediated the effects of the three interventions
on adoption. For the learning about crop damage prevention,
we found no significant effects for the social media with influ-
encers treatment and the social media alone treatment, whereas
the effect of the firm’s one-on-one support on adoption is
mediated by this learning measure. Finally, the measure for
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usage reduction mediated the effects of all the three interven-
tions on adoption, providing further support for our explanation
that learning about product features might underlie our effects.
These findings provide suggestive empirical evidence that
learning was facilitated by our social media interventions,
which could then have led to adoption by the farmers. Web
Appendix W8 provides a detailed description of the analysis.

Cost Analysis and Economic Good

In emerging markets, the public sector or nongovernmental
organizations play a major role in promoting innovations such
as new farming technologies and cures for a variety of illnesses.
For these organizations, social welfare is the primary goal
rather than the earning of profits. Therefore, sustainability has
been hard to achieve with such public programs (Kremer and
Miguel 2007). However, for private-sector organizations that
strive to promote socially beneficial new products and create a
better world, business sustainability and profitability are also
paramount. Therefore, adopting the perspective of a company,
we compare the costs of the different marketing interventions.
To estimate the real-world scenario, we paid our research assis-
tants who served as the firm’s representatives in all three
marketing interventions more than the market wage that the
firm would have paid had it done the implementation. This
way, we believe we paint a conservative picture of the costs
associated with the various interventions. We calculate the ROI
as total revenue (calculated on the basis of the market price)
earned from each treatment minus its corresponding costs then
divided by those costs. We find that social media with influen-
cers is the most cost-efficient treatment, with the highest ROI
value (3.45), followed by the social media alone treatment
(2.45). In this instance, we did not need to pay the influencers;
however, this may not be true in other contexts. Although the
traditional marketing approach is effective in promoting trial
behavior and learning performance, it is the most expensive
(ROI = 1.91) among the three marketing interventions. In
general, marketing interventions brought an averaged increase
in adoption rate by 30%, compared with the control group. This
may lead to a total increase of productivity by 6% and reduction
in production costs of pesticides by 20% (both twice as large as
for the control group). In the long run, the potential benefit to the
environment and to people’s health brought about by the new
green pesticide technology is large. A detailed description of the
cost analysis can be found in Web Appendix W9.

Discussion

Many technologies, even those with obvious advantages, have
not been widely adopted in developing and emerging markets,
where they are urgently needed. Specifically, we investigated
how to deploy online social media tools to alleviate customer
uncertainty and to promote the adoption of a new nontoxic and
eco-friendly pesticide in China. We contribute to the marketing
literature in several unique ways. First, we consider three types
of uncertainty facing potential adopters. These include (1) the

authenticity of the new product and the supplier’s credibility,
(2) the “objective” quality or the “match value” of the product,
and (3) how best to use or apply the technology in order to get
the best outcomes from it. Second, we consider multiple beha-
vioral outcomes along the adoption funnel, including trial in the
initial stages after introduction, subsequent trial behavior, and
ultimate adoption. Finally, we examine the role of a new type
of influencer, eminent village personalities, whose opinions,
like those of market mavens, are valued across a broad set of
topics even if they lack expertise specific to the new product.
Together, our research provides new insights on B2B marketing
and on ways in which marketers can help create a “better world.”

A key insight is that even in a rural setting of an erstwhile
emerging market, social media influencers can offer an effec-
tive way of promoting the adoption of a “better” new B2B
product. Influencers play a key role in dispelling concerns
regarding the credibility of the new product early in the adop-
tion cycle, a function critical for the eventual success of that
medium. Ultimately, the combination of information sources
on the platform promotes learning about the features of the new
product and alleviates uncertainty associated with product
quality and how best to use the new product in order to achieve
the best outcomes from it. At the same time, the study also
points to why the social media support platform by itself
falls short of the performance of traditional B2B one-on-one
marketing support in the purchase funnel.

Implications for Practitioners

We highlight three important implications for practitioners.
First, social media can provide effective, low-cost means of
reaching, communicating with, and convincing potential
adopters of new technologies in otherwise difficult-to-reach
markets that are nevertheless crucial for long-term success.
Second, when promoting a new product in these markets, firms
need to take into account the entire purchase funnel rather than
focusing on just one specific action, such as trial or final pur-
chase behavior. Indeed, a critical stumbling block is early in the
process, where potential consumers may not engage because of
concerns about the product’s and the firm’s credibility. Third,
businesses, especially in the technology sector, have embraced
the use of field experiments to guide their thinking and decision
making about various marketing levers that might be used to
grow their businesses. Our study provides evidence that even in
rural environments, experiments might be a valuable tool for
practitioners. Our experiment, conducted in collaboration with
local governments, demonstrates how practitioners seeking
better world outcomes can avoid higher-cost marketing
interventions in favor of low-cost and readily available tools.
Our findings provide insights for managers and policy
makers who aim to leverage marketing for doing good in the
world. To do good, marketers need to convince consumers to
adopt products that are good. Important barriers to such adop-
tion are the uncertainties associated with the product and the
inability to learn about the features and benefits of the product.
We addressed these issues by understanding the entire process
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of adoption. When a product is brand new to the world,
encouraging trial behavior among prospective users is key.
During this stage, overcoming uncertainty about the new prod-
uct’s authenticity is paramount. We document that an influen-
cer, albeit one not familiar with the new technology, works
well in an online social media environment to encourage fol-
lowers to try the new product. At the same time, traditional
firm-initiated customized service and support has a significant
effect in motivating trial behavior. Both of these approaches
also lead to improved outcomes in the adoption stage but via
different routes. On the social media platform, the information
exchanged between the triers and the information provided via
broadcast by the firm promote learning about specific benefits
of the product as well as the best ways to use it. The more
traditional marketing approach also accomplishes these objec-
tives but via one-on-one communication between the firm and
the potential customer. For marketing to do good, it also needs
to do it at scale to have a wider impact. The social media plat-
form with an influencer wins out here because it is more
cost-effective than one-on-one marketing by the firm.

Our results also suggest that practitioners should think
carefully about how to use social media most efficiently.
Although research has documented its use for changing con-
sumer behavior as it is a compelling marketing tool, it is not
a panacea, and it requires careful management. Specifically,
at the trial stage of the funnel we see the platform under-
performing because it cannot, by itself, resolve uncertainty
regarding supplier credibility and product authenticity. The
lesson to be learned is that creating an online social media
platform does not guarantee peer effects as desired. We also
offer a solution to this funnel-holdup problem that ulti-
mately propels diffusion of a new product or a new idea:
an influencer who can vouch for the credibility of the prod-
uct, and who tries the product and reports the trial on the
platform. The influencers do not need to have expertise
specific to the new product. They just need to be eminent
persons in the offline world, such as village officers or
women’s directors in our context, whose opinions are
respected and well perceived by others. We find that the
presence of an influencer on the platform, relative to not
having one, creates an online environment that fosters more
product-relevant discussions among participants. Those dis-
cussions on products then motivate learning about the new
product. In the absence of the online discussion emanating
from trial, we are unlikely to find the level of success as in
our experiment.'® Thus, influencers who are well known
only in an offline context can nevertheless help promote
adoption through online tools. Without the presence of an
influencer, a social media platform is only beneficial to

10 This finding resembles the evidence documented by Gong et al. (2017) in the
context of tweeting, where the authors find that influential retweets can
increase a show’s viewership directly if they are informative, and indirectly
by attracting new followers to the show’s media company.

people who are intrinsically more interested in trying the
new product.

Implications for Researchers

We provide three key implications for researchers. French,
Raven, and Cartwright (1959) among others, have described
the different types of power that influence others, such as legit-
imate, reward, coercive, referent, expert, and information.
From a theoretical perspective, our findings provide suggestive
evidence for referent influence as the route through which the
influencer plays a role in the adoption process. Different from
the traditional view in marketing literature that influencers
need to have relevant expertise about the new product in order
to exert their influence, our findings point out that personalities
who are eminent in offline contexts, although not having exper-
tise or knowledge specific to the new product, can also have
influence in promoting adoption through online tools. Such an
effect is consistent with credibility signaling on social media
and its consequences for new product trial. In situations with a
large number of new products entering the market, we view this
finding as potentially generalizable beyond our current context.
Future research can further endeavor to establish the causal link
in a more systematic manner.

A second implication of our findings is that we now have
direct empirical evidence on how information on social media
platforms facilitates learning and how this learning might
potentially be a route to new product adoption. Although pre-
vious research has embraced the idea that resolving uncertainty
via learning is key to product adoption and use, little direct
evidence existed on the mechanism. Going further, our
research also underscores the potential limitations of different
information mechanisms to resolve the uncertainty. By measur-
ing how learning occurs under each information mechanism for
the different attributes or benefits associated with the new
product, our research highlights the importance of understand-
ing the linkage between information sources and their ability to
resolve uncertainty. Our results point to the social media plat-
form (even with an influencer) as not being able to fully com-
municate all the product features. Specifically, on the
important dimension of crop damage, these interventions per-
formed no better than the control. A key takeaway for research-
ers is to try to understand the specific barriers to learning
associated with the social media platform and approaches to
overcoming them. Alternatively, a hybrid approach in which
the social media platform identifies specific users who need to
receive the firm’s one-on-one intervention may be useful to
pursue. Understanding the efficacy and cost-effectiveness of
such approaches may be a worthwhile future research
endeavor.

A third implication is more methodological in nature. While
time-consuming and resource heavy, field experiments enable
quantitative marketing researchers to obtain mechanism-
related insights that are otherwise difficult to obtain using only
observational data. Such insights can then feed into building
richer theoretical models of behavior. Given the importance of
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understanding behavior and the role of marketing in it, we
encourage researchers to invest effort in the field and conduct
more groundwork while engaging in such studies. The real world
is too complicated to understand by just digging into existing
data. “Through the accumulation of a set of small steps, each
well thought out, carefully tested, and judiciously implemented”
(Banerjee and Duflo 2011, p. 15), we hope marketing can do
better at doing good. We are excited at the possibility that field
experiments testing a variety of different marketing tools can
help fight poverty, disease, and pollution and contribute to the
development of economies the world over.
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