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1. Social Learning for Technology Adoption

Suppose our primary motivation for the study of social
learning is to understand the problem of technology
adoption. We accept as given that (a) social learning takes
place, so that farmers learn from other farmers about
productive characteristics of new technologies; (b) farmers
are maximizing expected profits, potentially risk adjusted; (c)
farmers do not (at baseline) have perfect information about
a new technology. The focus of this brief is to understand
not if social learning happens, but rather can we manipulate
social learning effectively?

e 0 o / e o o

Policy brief prepared for the Ferdi and SPIA workshop Learning for adopting: Technology adoption in
developing country agriculture, held in Clermont-Ferrand (France), June 1 and 2, 2016.







.o / ++ One of the challenges in developing
actionable implications of social learning theory
is that social learning itself is more of an ambi-
ent process: individuals learn from a network
which is hard to observe, and most learning
opportunities probably take place at hard to
predict points in time. Broadly, we can collect
a number of social learning models into a rela-
tively simple framework, particularly if we are
willing to abstract a bit from learning dynamics.
More specifically, suppose we have a network of
n members and we want to examine learning
on technology k. Let us summarize social learn-
ing models similarly to more general social in-
teraction models:

Yt+1 Qk Xi{

Where Qk is an an we|ght|ng matrix for tech-
nology k; and Yt+1 and Xt will be nX1 vectors,
often of the same variable at different points in
time. For example, with De Groot learning, Yt+1
and XIt{ would both be beliefs on the new tech-
nology, where the Yt+1 represent the updated
beliefs after learning according to the weight-
ing matrix on others’ beliefs, (. This formula-
tion also makes clear that the learning structure
may depend on the technology, k. This may be
particularly relevant in agriculture, as hetero-
geneity in land characteristics may make some
individuals’ experiences and beliefs more or less
relevant to ones’ own agricultural decisions, and
the learning weighting matrix may be very dif-
ferent for different technologies which interact
with different land characteristics.

While simple, and too broad for specific
learning predictions, this formulation makes
clear that there are essentially two points for in-
tervention that would be consistent with a for-
mal framework. One could attempt to influence
Qk, the learning weighting matrix; or one

1. This approach is not rich enough, however, to effectively
contrast De Groot from Bayes learning, as much of the
differences depend on the source of the information and will
be realized primarily in dynamic differences.

could attempt to influence le the input vector
of information.

» 2. Efforts to influence
model parameters

A number of recent empirical studies have at-
tempted to influence both manipulable parts
on the social interaction model of social learn-
ing. First, one could attempt to influence the
social structure of learning. In fact, it seems
likely that virtually any extension or training-
type intervention would change social learning
patterns in some ways: if nothing else, raising
awareness of the existence of a new technol-
ogy may generate an increase in conversations
about the technology and the sensitivity to oth-
ers’ beliefs and experiences (particularly if limit-
ed attention, as in Hanna et al. 2014, is an impor-
tant constraint to adoption). That said, effective
manipulation of social learning patterns would
require policies which move the structure of Qk
in a predictable way, for example by generat-
ing new learning relationships. There are some
strong prima facia challenges with influencing
the social structure of learning. As learning re-
lationships are fundamentally contextual and
developed over potentially long time horizons,
it is unclear to what extent a short-run program
suitable for trial can move these relationships.
In agriculture, this hurdle seems particularly
high, because of the interaction between tech-
nological growth and hard-to-observe land
characteristics. That said, there is some reason
for optimism: three recent studies have focused
on proactively changing Q_k, with promising
results. Outside of agriculture, Cai and Szeidl
(2016) try to change elements of Q_k from zero
to non-zero, by forging introductions and con-
ducting trainings between business managers
of small and medium enterprises in China. Faf-
champs and Quinn (2014) similarly form random
connections between entrepreneurs in Africa by
forming training groups of these entrepreneurs.
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More closely related to this report, Vasilaky and
Leonard (2016) generate connections between
female cotton farmersin Uganda for a joint train-
ing and find increased yields for those paired (as
opposed to trainings which did not emphasize
social capital). While none of these studies can
directly isolate changes in learning patterns as
the mechanism for these results, and the large
broader literature on social interactions suggest
the importance of a variety of channels, they do
suggest that systematic manipulation of learn-
ing networks may be feasible. One may even in-
terpret these estimated effects as lower bounds
of what could be achieved as all interventions
reviewed here generate random connections
rather than building connections that theory
suggests may be particularly useful.

The second potential parameter for manip-
ulation is Xf the vector of existing information,
beliefs, or practice that farmers are learning
from. Of course, any extension program involves
a manipulation of Xj; as new information is
provided the learning environment changes. In
many ways, this manipulation may be attractive
to researchers as the outcomes of the trainings
- new knowledge or practices - may be much
easier to measure than a change in the existence
or intensity of a social tie. Efforts to incorporate
social learning theory into the manipulation of
knowledge or practices, then, should be based
around a systematic element on the manipula-
tion of Xltc, for example, by changing the iden-
tity, number, or knowledge set of new trainings.

A number of recent studies have explored
practical means of manipulating Xf For ex-
ample, Kremer et al. (2011) paid local community
members to serve as marketing agents to pro-
mote water chlorination in rural Kenya; Miller
and Mobarak (2014) identified “opinion leaders”
through guided focus groups, promoted im-
proved cookstoves to those leaders, and shared
information about those leaders’ adoption de-
cisions with other villagers; and BenYishay and
Mobarak (2015), promoted Pit Planting in Malawi
(similar to the main evaluation results present-

ed here) cross randomized villages to receive
a single lead farmer chosen through the usual
extension process against villages which would
receive 5 “peer farmers” elected by disparate
focus groups?. These interventions are hetero-
geneous in a number of dimensions, even be-
side the technological and geographic contexts:
first, the selection rule for the injection point is
different between interventions. Second, the
presence of incentives in Kremer et al. (2011)
and for some groups in BenYishay and Mobarak
(2015) alter the interpretation of social learning
models, as most social learning in agriculture
(and elsewhere) takes place in the absence of di-
rect financial incentives. Perhaps unsurprisingly,
these interventions have been heterogeneously
effective — Kremer et al. (2011) and Miller and
Mobarak (2014) find significant adoption effects,
while BenYishay and Mobarak (2014) find larger
adoption for unincentivized lead farmers than
a group of unincentivized peer farmers, which
reverses in the presence of incentives.

Taking these results together, we can con-
clude that there is at least some evidence that
injection points for new ideas affect ultimate
take-up. Immediately, this suggests that () is
not a simple, complete network graph: if the
identity of information sources affects take-up
rates than everyone does not learn equally from
everyone else. This is also a necessary condition
for the effective integration of social learning
theory into policy: if it were the case that social
learning happened equally and efficiently re-
gardless of the injection point, then there would
be little need for the consideration of social
learning in the design of implementation plans.
Moreover, in some contexts, local institutions
were identified which could practically exploit
heterogeneity in learning potential. However,
we have little to guide our thoughts on how
the heterogeneous selection rules used in these
studies map into the network graph: if one insti-
tution is effective in one context, but we do not

2. This study also cross-randomized incentives to promote the
technology as marketers.



understand how it targeted the network, it will
be difficult to guess whether it would be simi-
larly effective for a different technology, geo-
graphic context, or time period.

One study helps bridge the gap between
theory and selection mechanisms based on lo-
cal institutions. Banerjee et al. (2012) examine
the diffusion of microfinance in India. Just as in
the previous studies, partners were chosen to
disseminate and market the microfinance prod-
uct using local institutions. More specifically, lo-
cal leaders were identified, who had key roles in
the community such as shopkeepers or school-
teachers. Banerjee et al. demonstrate that in vil-
lages where these leaders occupied positions
in the network which theory suggests should
be particularly useful for dissemination, overall
take-up was higher. This provides support for a
broad class of diffusion models, though specific
guidance on the design of particular implemen-
tation policies remains somewhat elusive as
any variation in the implementation policy was
measured and assessed ex post and is based
on natural, rather than explicitly exogenous,
variation.

Taken together, this body of literature sug-
gests that entry points matter, which indicates
that there is a role for incorporating learning
theory to manipulate social diffusions. What re-
mains is to demonstrate that a specific theory
can generate useful predictions on partner
selection. In the remainder of this brief, | dis-
cuss work-in-progress by Beaman, BenYishay,
Magruder, and Mobarak (2015) which explicitly
chooses entry points based on a diffusion theo-
ry and lessons which derive for future work.

» 3. Proactive implementation
from Diffusion Theory

There are a number of sophisticated theories of
social learning which could be integrated into
the choice of entry points. However, a few practi-
cal concerns may mute the differences between

some models. Returning to Equation 1, many
of the precise predictions for different models
are based on the formation of beliefs, and the
beliefs of network members. These are difficult
to reliably estimate. Moreover, measurement of
learning weights (Q_k ) are likely to generically
have a great deal of error as well, particularly for
learning processes which depend on techno-
logical characteristics.

What is needed for a systematic study of
entry points is a class of theories under which
the choice of entry point may have important
implications for adoption. Beaman et al. (2015)
propose using threshold models (e.g. Granovet-
ter 1978; Centola and Macy 2007; Acemoglu et
al. (2011)) as a starting point. More specifically,
suppose each individual has a threshold A, and
they adopt pit planting if they are connected to
at least A adopters. If A = 1, described by Cento-
la and Macy 2007 as a “Simple Contagion”, then
being connected to a single adopter generates
adoption. In equation 1, this is approximately
the case where Y, X are vectors representing
adoption decisions, and (), (7,1) is small relative
to (. (1,j) for some j's3. Under simple conta-
gion, the choice of entry points is relatively un-
important: people will generically be connected
somehow to the village network, and so getting
the idea started with almost anyone is likely to
bring about a high adoption rate. To the extent
that one may train multiple partners, one may
as well spread them out in the network to avoid
redundancy in information.

An alternate possibility is that A > 1. This
case, termed by Centola and Macy (2007) as a
complex contagion, is very different in terms
of its predictions for entry points. In our above
model, it would be a case where (. (7,1) is large
relative to the () (i) elements. If A >1, and
there is only one farmer trained in the new tech-
nology, then no one will ever be persuaded to
adopt. Moreover, even if multiple farmers are

3. Abusing notation due to the binary nature of adoption
decisions, and assuming that the process is memory-less (i.e.
you don't accumulate adoption “potential”).
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trained in a new technology, the choice of en-
try points becomes extremely important: many
potential pairs of partners will share no connec-
tions. If a pair of partners is trained and they do
not share connections, there would again be no
adoption.

In work-in-progress, Beaman et al. choose
farmers as entry points ex ante, depending on
which farmers would be ideal under different
values of \. More specifically, they first map net-
works, and then select partners for training by
determining which partners would be optimal
given the network map and different distribu-
tions of A. Treatment villages, then, are assigned
a pair of partners by choosing a pair who would
be optimal under either simple or complex con-
tagion. These partners are trained in a new agri-
cultural technology being promoted by the ex-
tension service. They will compare these results
to a benchmark group of villages where the
extension agent chooses 2 partners according
to their typical methods, and also test whether
geographic data is sufficient for choosing these
optimal partners in another group of villages.
The primary outcome of interest is adoption of
a new technology.

As results become available from Beaman
et al. (2015), we will learn more about whether

there are potential gains from attempting to
manipulate X using threshold theory. Moreover,
an advantage of this theoretical framing is that
it suggests a clear guidance for extension practi-
tioners who would interpret these results with a
knowledge of local context. This advantage may
be very large and very practical compared to the
informal approaches which document that an
institution is effective at finding entry points in
some context: implementers may be very effec-
tive at identifying local institutions to generate
a particular outcome. For example, if Beaman et
al. determine that farmers need multiple data
points to be persuaded to adopt, then a sensi-
ble extension strategy would work to guarantee
multiple demonstration plots or partner farm-
ers in the same village, and take steps to ensure
that those trained are in similar parts of the vil-
lage network. For example, one would want to
engineer the opposite of the focus groups in
BenYishay and Mobarak (2015), which solicited
5 different focus groups to each select 1 farmer:
instead, if one knew that focus groups were an
effective means of finding partners in the local
context, one would want to find the main group
in the village, and train multiple farmers within
that group.



P References

* Acemoglu, O. and Acemoglu,Y. (2011) “Dif-
fusion of Innovations in Social Networks,’
In IEEE Conference on Decision and Control
(CDC), 2011.

* Banerjee, A., Chandrasekhar, A.G., Duflo, E.,
and Jackson, M.O. (2013) “The Diffusion of
Microfinance!” Science, 341(6144). doi: 10.1126/
science.1236498

e Beaman,L., BenYishay, A., Magruder,J.
and Mobarak, A.M. (2015) “Can Network-
based Theory Increase Technology Adoption?”
Mimeo, UC-Berkeley.

° BenYishay, A. and Mobarak, A.M. (2015)
“Social Learning and Communication,” Work-
ing Paper, Yale University.

e Cai, J. and Szeidl, A. (2016) “Interfirm Rela-
tionships and Business Performance”. mimeo

¢ Centola, D. and Macy, M. (2007) “Complex
Contagions and the Weakness of Long Ties,’
American Journal of Sociology, 113: 702-34.

e Centola, D. (2010).“The Spread of Behavior in
an Online Social Network Experiment,” Science
329:1194-7.

® Fafchamps, M. and Quinn, S. (2014) “Social
Networks and Business Practices: Evidence
from a Randomized Field Experiment” Mimeo,
Stanford.

e Grannovetter (1978) “Threshold Models of
Collective Behavior," American Journal of Soci-
ology, 86 (6), 1420-1443.

* Haggblade, S. and Tembo, G. (2003) “Con-
servation Farming in Zambia.!” International
Food Policy Research Institute EPTD Discus-
sion Paper #108.

* Hanna, R., Mullainathan, S.,and Schwartz-
stein, J. (2014) “Learning through Noticing:
Theory and Evidence from a Field Experiment.”
The Quarterly Journal of Economics, 129(3): pp
1311-1353.

* Kremer, M., Miguel, E., Mullainathan, S.,
Null, C. and Zwane, A. (2011) “Social Engi-
neering: Evidence from a Suite of Take-up Ex-
periments in Kenya”. Mimeo, UC Berkeley.

e Miller, G. and Mobarak, A.M. (2014) “Learn-
ing about New Technologies through Opinion
Leaders and Social Networks: Experimental
Evidence on Non-Traditional Stoves in Rural
Bangladesh” Marketing Science forthcoming.

¢ Vasilaky, K. and Leonard, K. (2016) “As good
as the networks they keep? Improving farmers’
social networks via randomized information
exchange in rural Uganda" Mimeo, University
of Maryland.

Policy brief n°162 - J. Magruder



F=Dr

Created in 2003, the Fondation pour les études
et recherches sur le développement international aims

to promote a fuller understanding of international economic
development and the factors that influence it.

C> Contact
www.ferdi.fr

contact@ferdi.fr
+33(0)4 7317 75 30

Nn°ISSN: 2275-5055



