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Abstract: The adoption of new technologies plays an important role in political and economic development.
Interventions often provide training and inputs to a subset of villagers, relying on them to facilitate the further
spread through their communities. Villagers' social networks likely play a role in this process, though little is
known about the precise role the networks play or the consequences of selecting initial ("lead") recipients from
different positions within the networks. We measure full household level social networks in 40 villages in the
DRC and implement a randomized control trial in which we track the spread of a physical new technology -fertilizer-- and knowledge about it when it is first given to either central (high eigenvector centrality) or isolated
(low eigenvector centrality) farmers. Villages are randomized into having central or isolated farmers as entry
points (ambassadors), allowing us to estimate the effect of network centrality on village-level uptake, change in
knowledge, and change in willingness to pay (WTP) for fertilizer. We find no evidence that the centrality of
farmers affects the average change in the village-level magnitude of these outcomes. However, we do find
evidence that centrality affects the identity of the ultimate recipients of new technology or knowledge: isolated
farmers tend to give to the central, but central farmers do not give to the isolated . Furthermore, we document
large effect-attenuation at each additional step of diffusion regardless of the centrality of the farmers, suggesting
the importance of selecting a sufficiently large set of lead villagers for the spread of new technology.
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1. Introduction
Political and economic development hinges on the spread of new information and technologies. Access to
information communication technologies have been found to improve political accountability (Grossman,
Humphreys & Sacramone-Lutz, 2014) and reduce corruption (Bailard 2009); cellphones and monitoring
applications have positive effects on improving health and education outcomes by reducing absenteeism
(Cilliers et al. 2013); and new agricultural technologies can boost crop output and efficiency (Pypers et al,
2011).
Acknowledging the promise of new technologies, development initiatives often strive to distribute
them in developing countries. A typical approach first selects a subset of villagers to be the initial recipients who
are then tasked with spreading the technology and information about it more widely throughout the village (see
Feder, Murgai & Quizon, 2003). The structure of the social networks of initial recipients likely play a role in not
only how many but also which other villagers ultimately receive the technology and information about it.
Although many acknowledge that the identity of the initial recipients may impact the resulting distribution
patterns and ultimate development outcomes, few studies to date explicitly measure the implications of their
network position.
We implement a field experiment in 40 villages in the Democratic Republic of Congo (DRC) in which
we measure the spread of a novel agricultural technology, chemical fertilizer, and associated information. We
randomize whether the initial recipients of the technology are highly central (high eigenvector centrality) or
highly isolated (low eigenvector centrality) within the village's existing social network structure. Each village
was visited a total of three times. During the first visit, a household census was conducted which included
questions on demography and agricultural production as well as questions on social ties. Questions on social ties
focused on relationships of blood relations, agricultural field neighbors, and agricultural discussion partners.
From these social tie questions a household-level network graph of undirected and unweighted connections was
constructed for each village and an eigenvector centrality score for each household within the village was
calculated. From each village three household heads were selected to partake in an agronomist-led training
session on proper application of, benefits of, and sourcing of chemical fertilizer and during which packets of
fertilizer for distribution throughout the village were provided. These three household heads were selected as
having either the three highest or the three lowest eigenvector centrality scores within the villa ge based on
random assignment at the village level. Approximately two weeks after the training, an additional census was
conducted to measure the spread, use, and knowledge of the fertilizer within the villages.
2

We consider two possible consequences of farmers' network position on resource use and distribution.
First, given that the efficacy of new technology depends not only on access, but also on knowledge on proper
use and estimated returns to adoption, we consider whether receiving the fertilizer from a more central figure in
the village network increases both the spread and the adoption of the new technology. Specifically, we explore
the following outcome variables: adoption and knowledge of fertilizer, willingness to pay for fertilizer, and
speed and spread of diffusion. Additionally, we explore whether attenuation of fertilizer and information occurs
during the diffusion process . Second, since social networks may constrain who passes new information along to
whom, we consider whether the network position of the farmers affects which other villagers receive the
distributed technology and associated information.
Our findings reveal a number of new insights about the role of networks in technology diffusion. First,
we show that network centrality measures calculated from network constructed from just three dimensions of
social ties-- blood relatives, field neighbors and agriculture discussion partners -- are highly correlated with
observable characteristics of village residents. Eigenvector central farmers are more likely to hold a formal
position of status in the village, are more likely to interact with village leaders, are less likely to be a migrant,
are in general richer, more literate, more likely to be male, and have larger households. These strong correlations
with observable characteristics are important in guiding implementers in selection of central individuals when
network surveys are not feasible.
Second, we explore the impact of initial recipients’ eigenvector centrality scores on resulting patterns
of diffusion for a new productivity-enhancing technology and its relevant information . We find that initial
recipients with low eigenvector centrality spread the chemical fertilizer faster compared to initial recipients with
high centrality score. However, we find no effect of an initial recipient’s network centrality on resulting villagelevel fertilizer adoption, fertilizer knowledge, willingness to pay or width of diffusion spread. For both central
and isolate initiate recipients we find strong evidence of attenuation, in that the intervention significantly
weakens as it moves away from the entry point, but attenuation levels do not vary by initial recipient centrality
scores.
Finally, while we find no support for a treatment effect of centrality on the level of fertilizer adoption,
knowledge or valuation, we do find compositional effects of diffusion. Specifically, the network centrality
affects which villagers receive the new technology and its associated information. Both central and isolate
initial recipients prefer to share with individuals that live close to them within the village, are family, are field
neighbors or are agricultural discussion partners, highlighting that diffusion follows existing (informational)
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exchange relationships. However, central and isolate initial recipients differ in whether they share with others of
similar or different centrality levels within the social network. Initial recipients with low eigenvector centrality
scores

are more likely to pass the technology on to individuals very different from themselves, specifically

targeting those with high eigenvector centrality scores. In contrast, high eigenvector centrality initial recipients
do not reciprocate, but instead also share with individuals with high centrality measures. This concentration of
sharing to individuals with high eigenvector centrality measures is an important consequence for development
programs since reaching households on the periphery of village social networks requires direct targeting by the
resource provider and cannot rely on social distribution program designs.
We join a growing literature employing methodologies aiming to measure the role of networks in
development outcomes (see Banerjee et al., 2013, Beaman et al. 2015) and contribute to the field in four novel
respects. First, we collect full household network data at the village level providing detailed network data with
which to analyse diffusion patterns . Given the potential biases that can result from extrapolating results based
on small samples capturing only portions of larger networks (see Aral et al, 2009; Borgatti et al, 2006;
Chandrasekhar & Lewis, 2011), our data set provides a high-resolution snapshot of pre-existing village
networks allowing for a detailed measure of network positions and overarching structures through which
diffusion can be tracked. Second, our research design allows us to simultaneously track the spread of a new
technology, the adoption of the technology, and the spread of knowledge on technology use, benefits, and
sourcing. Our measure of access to the new technology is verifiable-- we know who received bags of fertilizer
and from whom including a measure of when the fertilizer was received by each recipient. Third, our design is
especially favorable to detecting the importance of network-based selection of initial recipients on resulting
diffusion patterns. By randomly selecting household heads as entry points based on their having very high or
very low eigenvector centrality scores, we maximize the discernible differences in diffusion resulting due to
differences in eigenvector centrality of initial recipients .2 Fourth, we implemented this study in a country – the
Democratic Republic of Congo – where informal connections within the village are highly salient for accessing
information and resource. Scholars of Congo highlight that many Congolese villages are characterized by social
cleavages (Vlassenroot & Huggins, 2005, Sircar & Van der Windt, 2016) and given these cleavages are believed
to correlate with underlying social networks, the DRC is good context to learn whether selecting injection points
into networks based on centrality affects which villagers gain access to new technologies and learn about them.
In this way, our design is unusual in its focus on not just the magnitude but also the composition of the diffusio n
2

As opposed to a design that selects lead farmers in other ways and then makes use of incidental variance in centrality, as in Banerjee et al.
2013.
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processes. Reaching marginalized populations or particular subsets of villagers may be of particular importance
to development agencies. Our design allows us to consider which villagers gain access to and knowledge about
new technologies when different network-based entry points are selected for resource distribution. Studies that
aggregate village-level effects overlook this potentially crucial consequence of technology diffusion schemes.

2. Development and Social Networks
2.1 Technology and Agricultural Development
Agricultural yields on average in Africa as a continent are low, falling 55% below world average yields with the
Democratic Republic of Congo (DRC) being at the bottom of the continental range. 3 Low yields are contributors
to food insecurity and persistent poverty cycles, causing many development policies and initiatives to focus on
increasing agricultural output. The most common strategy for increasing yields entails introducing new
productivity-enhancing technologies, such as improved seeds and chemical fertilizer, which positively increase
output without need for expansion in land under cultivation (Duflo, Kremer & Robinson, 2008; Pypers et al.,
2011; Beaman et al., 2013; Evenson & Gollin, 2003).
In efforts to improve cost-effectiveness of traditional government-led large-scale extension programs,
the more participatory farmer-led design has recently gained popularity. This design transfers the responsibility
of educating and supporting local farmers from extension professionals to farmers selected from within the
target communities. These few selected farmers, often termed "lead farmers " or “master farmers”, receive
training in the use of new technologies and then bear the responsibility for spreading this newly gained
information throughout the locality. By having to only direct train a small number of representative farmers,
this method results in s ignificant cost savings for the implementing agency (Feder, Murgai & Quizon, 2003).
Moreover, under the assumptions that peer communication increases the clarity and credibility of information,
this farmer-led approach is believed to be more effective in facilitating adoption of production-enhancing
technologies and methods .
In efforts to maximize cost-effectiveness, the question then becomes one of determining how to best
select “ lead farmers”

in order to generate the widest diffusion and highest adopt ion rates of the new

technologies? We join a small but growing literature that turns to social network analysis in efforts to answer
this question. People are embedded in a constellation of relationships, a "social network," that facilitates the
transmission of both physical resources and information (Durlauf, 2004). These social networks are generally
3

World average cereal yields are 32343 kg/ha, Africa is 14678 kh/ha and DRC stands at 7182 kg/ha.
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represented by nodes and edges between pairs of nodes . Within our study, we set the network nodes to being
farmers that are heads of their households and the edges are present when at least one social tie of family, field
neighbors, and agricultural discussion partners is reported as existing by one node between each pair of nodes.
Network theory suggests that the structure of edges in a network will be a major determinant in how widely,
quickly or credibly resources and information spread through a given network.
In this study we focus on a single measure of an individual’s position within a network structure,
eigenvector centrality (Bonacich, 1972).

A network's nodes' eigenvector centrality scores are estimated

simultaneously and are functions of both how well any node is connected to other nodes , and the extent to which
the nodes it is connected to is connected. For any node, the score is thus increasing in the number of nodes it is
connected with that also have a high eigenvector centrality score, making the measure self-referential.
Computationally, eigenvector centrality is based not only on the number of edges that a given node has (as in
degree centrality), it also weights each edge between nodes by the degree of the node that the edge leads to. For
this reason, eigenvector centrality is often used to proxy for an individual’s level of influence within their social
network as nodes can be said to be more influential with each other well-connected node it is linked with. In the
case of technology diffusion, a highly eigenvector central node may, by nature of its access and connectedness,
be a more compelling source of novel information for adoption of the relevant technology. Alternatively, nodes
with low eigenvector centrality may, by nature of being connected to others with low centrality, be better
positioned to reach nodes in the network that lay on the periphery of the network structure.

2.2 Measuring the Role of Social Networks
There is a growing experimental literature exploring the way that social networks, and an individual's position
within a network, matter for development outcomes (see Oster & Thornton (2008); Banerjee et al. (2013); Cai,
Janvry & Sadoulet (2015); Larson & Lewis (2016)).
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The most common design consists of an intervention

(often information) being offered to a random subset of individuals with pre- and post-intervention surveys used
to measure individual exposure to the intervention, changes in knowledge or beliefs as a result of the
intervention, and social ties within the sample community.

Exposure is often inferred only from social

closeness to the initial recipients of the intervention, and outcomes assume that the information traveled along
existing links within the underlying social network, though this assumption is typically neither directly
measured nor tested.
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For a more detailed overview, see Chuang & Schechter (2015)
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Several studies have documented the existence of peer effects using adaptations of the above design across a
variety of contexts.. In Cai, Janvry & Sadoulet (2015), the intervention is a briefing on an agricultural insurance
scheme in rural China. They’re results indicated that respondents with a large number of friends who were
exposed to the intensive training session are more likely to take up the offered insurance. In Oster & Thornton
(2012), the intervention is a distribution of menstrual cups to randomly selected girls across four schools in
Nepal in which they found that girls with many friends who have already adopted the menstrual cup have a
higher probability of also successfully adopting the menstrual cup . In Bandiera & Rasul (2006), the probability
of adopting sunflower cultivation in Mozambique is found to be a relationship shaped as an inverted-U. Initially,
the probability of adopting sunflower cultivation is increasing with the number of family or friends who have
already adopted, however at a certain threshold the relationship changes direction and additional connections
having adopted cultivation lowers the probability of a given individual also adopting . Banerjee et al. (2013)
study the diffusion of participation in a microfinance program in 43 villages in India by inviting several key
respondents to an informational meeting on the microfinance program. These few individuals were then asked to
pass on the program information to the remainder of the village. Based on the observed diffusion, a predictive
capturing an individual’s likelihood for generating optimal diffusion patterns was developed . They dub this
measure communication centrality. Their model was very effective in predicting the diffusion pattern but quite
prohibitively computationally demanding, motivating their develo pment of a simpler analogue termed Diffusion
Centrality. This measure of Diffusion Centrality has a close relationship with eigenvector centrality, and under
model assumptions of infinite diffusion time periods is equivalent to eigenvector centrality.
Our study focuses more strongly on estimating diffusion outcomes that result by varying selection of
those directly treated with an information and resource inclusive intervention based on their individual measures
of eigenvector centrality.

We know of only two other studies that have explored similar network-based

selection approaches based on full network data collected ex ante to the intervention of interest . Kim et al.
(2015) collected network data in 20 villages in Honduras and assign villages to one of three treatments: 1.
Random Assignment 2. Villagers with the highest number of social network connections (indegree) 3. Friends
of randomly selected villagers. They find that using indegree does not improve diffusion outcomes over random
assignment, and friends of friends only increase adoption for one of their two interventions provided. Beaman
et al. (2015) collected full network data in 200 villages in Malawi based on three relationships of interest:
consultation on agricultural decisions, food sharing, and friendship to study an intervention aiming to increase
adoption of pit planting methods . Using threshold models of contagion they simulated both simple and complex
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contagion models in selecting theoretically-optimal pairs of initial seeds. They find that all initial recipients
selected from either of the threshold model simulations (simple or complex) outperformed the status quo method
of selection by consultation with village leaders .
The design we employ holds four main advantages over existing studies. First, we are able to track the
distribution of the physical resource, fertilizer packets, as well as the speed of transmission, allowing for a more
direct measure of a physical resource’s diffusion pathways. These measures also allow us to measure the
attenuation of adoption and knowledge with each subsequent iteration of diffusion within the network. Second,
our intervention gives farmers both a physical technology and relevant information on the technology, allowing
us to compare the related diffusion patterns of a non-limited resource, information, versus a limited resource, the
technology itself. Third, we measure social networks in the pre-intervention survey and use this information to
select our farmer entry points which allows for a more causal relationship to be established. To our knowledge,
a similar network-based selection approach has only been undertaken by two prior studies, both of which
analyzed alternative network measures for their selection processes (Beaman et al., 2015 and Kim et al., 2015).
Finally, we depart from existing studies by measuring outcomes in terms of not only the magnitude of village level diffusion and uptake, but also the composition of recipients by exploring who within the network
ultimately receives either the fertilizer or the information.

3. Experimental design
3.1 Context
We implement our network-based field experiment in the South Kivu province of eastern DRC. The region is
well-suited for such an investigation due to the prominence of social networks in daily life and under-developed
agriculture productivity. The country ranks at the very bottom in the human development index (UNDP, 2013).
GDP per capita is as low as $442 and over 85 percent of the population currently lives below the poverty line
(World Bank, 2015). For the majority of the rural population agriculture is the main source of income and
nutrition. Population density is high and farms are often small and fragmented. Farms typically intercrop
common beans, banana, cassava, sweet potatoes, maize and sorghum (Bulte et al. 2015). The region has been
embroiled in violent conflict, spiking during the First and Second Congolese Wars (1996-1997 and 1998-2003).
The latter has been the deadliest war in modern African history (Coghlan et al., 2007). Hostilities remain up to
this day. Due to the conflict, development in farming has been stagnant. Yields are low, causing widespread
malnutrition. Incomes from cash crops are minimal and most farmers struggle to improve their livelihoods. Soil
8

fertility varies greatly across regions and plots . Most farmers have no access to important input markets such as
fertilizer and (improved) seeds (Pypers et al., 2011). As a result, the use of fertilizer is very low, with only 3%
of farmers reporting having used fertilizer previously (Bulte et al 2015). In addition to infrequent use, average
quantities applied are low. On average, only 0.3 kilograms per hectare is applied, compared to 14kg per hectare
for SSA as a whole and 166kg per hectare in Asia (FAO, 2015).
Over the past decade, a key tool for agricultural development policy has been agricultural extension
programs designed to promote technology adoption, specifically focusing on fertilizer and improved seeds.
These programs strive to increase adoption of production -enhancing technologies with the end-goal of raising
yields and subsequently improving nutrition and income levels in least developed regions (Pypers et al, 2011).
In addition to raising yields and improving food security, technologies that intensify land cultivation have
environmental benefits of slowing soil erosion and decreasing deforestation by increasing agricultural yields
through intensification rather than land expansion (Crawford, 2006; Druilhe & Barreiro-Hurlé, 2012). However,
delivering these resources and training is costly, especially due to the country’s hilly terrain and poor
infrastructure. Extension agents and NGOs often train and provide resources to a subset of intended recipients,
frequently referred to as “lead” or “master” farmers, and rely on these trained farmers to further disseminate
information and resources within their village. This farmer-led approach increases the number of farmers
serviced transportation and distribution costs for the implementing agency are minimized (Woomer, Huising &
Giller, 2013). However, the extent to which

the introduced technologies and associated information

successfully reach intended-recipient farmers through the informal distribution channels of social networks is
unknown. In addition, very little is known about the types of people that are targeted by the “lead” farmers, with
concerns being raised that resources are captured by village elites or diverted along personal channels (Olken
2006, Reinikka & Svensson 2004).
Our experiment was conducted in 40 rural villages 5 , with the approximate locations of the villages,
elevation contour lines, and proximity to the major regional city Bukavu shown in Figure 1. Villages in the area
are small, typically comprised of less than 200 households (Bulte et al, 2015). Within these communities,
economic and social interactions are predominantly local with behavior and social interactions being governed
by social relationships of gift- and obligation-sharing, mutual insurance and risk sharing. The reach of formal
government is limited, and local institutions - predominantly chiefs - have considerable autonomy in organizing
economic and social activities of raising taxes, settling disputes and allocating communal resources (Vlassenroot
5

We focus on small villages with population maximums of 100 households. We did not have any priors on sample size. We were unable to
conduct power calculations as completing a baseline survey in advance was unfeasible.
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& Huggins, 2005). Additionally, most the agricultural activities and organizations are formed internally to a
village. An individual’s position in a social network is hence salient for determining their access to and control
over resources. In addition, social relations form an important channel through which people both learn about
and are motivated to adopt new practices and technologies.
We focus on three types of village networks: family, field neighbors and people that often discuss
agricultural issues together. Our focus is based on the findings of Kendzior et al. (2015) who studies seed
exchange networks in the same study region, in which family, field neighbors, and house neighbors were found
to be the three predominant channels via which agricultural resources were shared. Family relations are central
to every day village life and the main source of labor and risk pooling while field -neighbors provide the greatest
opportunities for observation of alternative strategies and processes adopted by other farmers. Lead farmers
may hence favor family members for distribution of physical resources but may learn most from field neighbors
about relevant new technologies. We include the social relationship of agricultural discussion partners to
capture relevant informational flow channels that may lie outside of family ties and field neighbors. 6
Village social networks in Congo often include only a portion of residents, while others remain
relegated to the network’s periphery. In the DRC, association with certain social categories , such as ethnicity or
migrant status, have historically played an important role in shaping social and economic life. Cleavages based
on ethnic group membership have been a driver for conflict and continue to intensify with perpetuated tensions
within the region (Vlassenroot & Huggins, 2005). Furthermore, in part due to conflict, displacement has been
high and migrants are heavily dependent on recipient villages for social acceptance and access to resources
(Sircar & Van der Windt, 2016).

[FIGURE 1]

3.2 Data collection
Each of our 40 study villages was visited at total of three times for collecting data and conducting the network
diffusion experiment. The first visit entailed a baseline survey with all village households heads. As part of this
survey we collected social network information as well as socioeconomic and agricultural production data.
Social network questions covered the three relationships of interest, family, field neighbors, and agricultural
discussion partners. In total, we recorded information on 2,563 individuals and 20,596 social ties. These social
6

Are focus on these three relationships was further motivated by early pilots which included more networks . Pilot results showed that these
three dimensions were the most distinct from one another and thus captured maximum variation while minimizing the number of network
survey questions.
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network data were used to construct network graphs within each village, from which network metrics of
eigenvector centrality were calculated. The second visit occurred approximately one month later, during which
we implemented our field experiment. The experiment consisted of training and distributing packets of fertilizer
to farmers who were selected for having either the highest or the lowest eigenvector centrality scores. We refer
to these selected entry points as our experimental “ambassadors”. The third visit took place two weeks 7 after the
second visit, during which all household heads were again surveyed on the same socioeconomic and agriculture
production questions as in the baseline survey, as well as our key outcome indicators of interest: fertilizer
knowledge and use, willingness to pay, the speed and spread of diffusion, and treatment attenuation. Table 1
provides an overview of the activities undertaken during each visit as well as the timing of each visit. We
discuss the baseline and endline activities in detail below and discuss our intervention in the following section.

[TABLE 1]

Baseline. Our research assistants first conducted a full village census of all heads of household in the village,
during which the head of household’s full name, age, and gender were recorded along with the names of any
other adults in the household. Upon completion of the census, each household head was individually
interviewed.8
The baseline survey consisted of two sections. The first section asked about basic socio-economic
characteristics, such as demography as well as income and agriculture related questions. Table 2 presents
descriptive statistics for our respondents by treatment group. Respondents are on average 46 years old,
predominantly illiterate with only 32% of the household heads being female and roughly 33% of the household
heads being migrants into the village. Households typically comprise of six members (including all wives and
children). Most respondents have been exposed to conflict in a number of ways including being forced to flee,
losing a family member or sustaining an injury. We reduced exposure to conflict to a single metric by
constructing a composite index of the weighted sum of all experienced incidents of conflict.9 On average,
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Due to logistical challenges, there is variation in how much time there was between visits. See T able 1.
We were able to interview 97% of household heads compared to Beaman et al (2015) who were able to reach 80% of targeted repondents.
We aimed to interview all heads of household but if the head of household was not available, we returned later (often during the weekend as
respondents were more likely to be present). If the head of the household remained unreachable, we looked for an adult replacement within
the household. In about 20% of the cases the head of household was replaced with a family member, generally the spouse. We asked the
replacement the reason for the absence of the head of the household. The most common reasons mentioned are: visit to the household’s
fields, visit to Bukavu, and temporary outmigration for work. Upon replacement, we asked the replacement about the characteristics
(including the network characteristics) of the head of the household. Note: We have not (yet) replicated our results dropping the replacement
households.
9
Saw Fighting, 0.5 point. Property Damage/Loss, 0.5 points. Injured in the war, 1 point. Family member injured in the war, 0.5 point.
Family member killed in the war, 1 point. Migrated because of the war, 1 point.
8
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sample members reported having experienced at least one such conflict-related event. As the average village
size within our sample is 65 households, by construct roughly t wo percent of the sample hold the position of
village chief.
The average respondent’s farm size is five square km.10 Following Banerjee et al. (2013), in order to
assess whether someone was viewed as influential among farmers, we asked If we wanted to spread information
about a new agricultural technique, to whom should we speak ? We did not restrict nomination to household
heads but recorded any name provided by each respondent. In total 23% of the household heads were mentioned
at least once as being the best candidate for spreading agriculturally-relevant information.
Turning to baseline values of our main diffusion outcome variables, we see that only about 6% of
households had previously applied fertilizer to their fields. In addition, we asked a set of questions to capture
each household head’s knowledge on chemical fertilizer use, benefits, and market sourcing. Specifically, the
questions covered the expected effects of chemical fertilizer, timing of application , methods of application and
market availability and pricing.11 Points were awarded for correct responses to generate a fertilizer knowledge
score ranging from 0 to 8.5. Overall, fertilizer knowledge in the baseline period was low with an average sample
score of 1.27. To measure a respondent’s Willingness to Pay for fertilizer, we used the Randomized Card
Sorting (RCS) method, as described in Smith (2006), with eighteen respondents from each village. These
eighteen respondents were chosen by sorting all household heads by eigenvector centrality scores and dividing
the village into terciles. Within each of the three groups six participants were randomly selected. Using ten
choice cards which displayed potential fertilizer prices that increased stepwise from 100 Congolese Fc (about
0.90US$) to 5000 Fc (about 4.50US$), each of the eighteen selected participants were asked which of the
fertilizer prices displayed they would be willing to pay for a one kilogram bag of NPK fertilizer. Cards could be
sorted into one of three piles: would pay, would maybe pay and would not pay. 12 Based on this method, the
average WTP reported was approximately $1.50, roughly the equivalent of major market prices.13

[TABLE 2]
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We remove several outliers of farms over 100 km2. In our analyses that require land size as a predictor we will use the measure without
outliers. We did not account for this in the pre-analysis plan.
11
Specifically, the index is based on the following questions: What is the effect of fertilizer on yields? What are other effects of fertilizer?
When is it effective to apply fertilizer? What is the best method to apply fertilizer? What is the price of fertilizer in Bukavu? We tally and
weigh the correct answers to create a knowledge score.
12
A challenge with measuring Willingness to Pay measurements is starting point bias (or anchoring). Respondents rarely deviate f ar f r om
the initial valuation posed by the researchers. By giving all the amounts to the respondent in a random order this is prevented. Smith (2 00 6)
compares three approaches that use payment cards, and finds evidence that randomizing the order of the cards yields the most valid results.
13
Included in the baseline survey was a simple open-response questions asking the amount the respondent would be willing to pay for a one
kilogram bag of NPK fertilizer. The average response for this question was XXX, significantly lower than the price elicited using the
Random Card Sorting method conducted with the 18 representative village members.
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The second section of the survey collected social network data along three dimensions: (i) Blood
Family: whether the head of the household is biological family with any member within the other household 14
(ii) Field neighbors: whether the head of the household’s fields borders a field owned by any member of the
other household. (iii) Discuss agriculture: whether the head of the household discusses agricultural related topics
with anybody else in the other household. To elicit network ties the research assistant first explained the
network under study (blood family, field neighbor or discuss agriculture), and then moved down the village
roster asking for each household on the list if the network applies.15 Our network data is thus at the household
level for each of the three relationships covered. We collapse the three relationships into a single combined
network in which a positive response along any of the three dimensions indicates a social connection betwe en
households. We use this combined network in calculating network parameters used throughout our analysis
(listed at the bottom panel of Table 2). Density is the percentage of possible edges that are realized and
averages 15% for our sample villages. The clustering coefficient is a measure of the proportion of possible triads
being present within each village network. Our sample average for the clustering coefficient is quite high at
61%, indicating a high probability that if household A is connected to both household B and household C, that
household B and C are also connected.
Overall, we see that no variables are significantly different across treatment groups except for in -degree
(number of edges that lead towards a node), which is higher amongst households in the treatment villages where
Isolates were selected as entry points. The presence of an imbalance between treatment groups, even when
assignment to treatment is randomized as in our study, is to be expected when comparing data over many
characteristics, but we ensure to control for in-degree in all analysis regressions.

Endline. The endline visit consisted of two activities. First, the packets of fertilizer distributed during the
intervention were tracked down by research assistants . The starting points were the three ambassadors to whom
fertilizer was initially distributed. We then asked to whom they gave fertilizer and followed up with the named
recipient. We asked each fertilizer recipient whether, when and from whom they received a packet of chemical
fertilizer, and to whom they in-turn distributed any fertilizer. These additional recipients were then also visited
and interviewed until all recipients had been identified and receipt of fertilizer confirmed. Based on this data we
14

Specifically, we use whether the other person is biologically related to a maximum of the third degree (this is a well-understood t erm in
Congo). T his does not include the wife’s family; it has to be through descent.
15
Given the time intensive method in which we elicit network ties, we opted to measure village social networks across fewer dim ensions
than earlier studies (e.g. Banerjee, 2013) in efforts to minimize potential survey fatigue. In total, the baseline survey took around one hour to
complete with each household head.
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created two additional outcome variables of interest: speed of diffusion and spread of diffusion. Speed of
diffusion was measurable as those giving fertilizer had been asked to note on a provided sticker, the date and
time a package transfer was made. We copied this information and calculated for each packet of fertilizer the
number of days that had occurred between the recorded date of receipt and the date the intervention was
conducted within the village during which all fertilizer packets were initially provided. If the recorded time of
transfer was after 5pm, we recorded an additional half day as having passed. We record 225 incidents of
chemical fertilizer transfer. We were unable to successfully track all transfers and, as is described in more detail
below, in some cases packets of fertilizer were not distributed onward.16
To calculate the spread of distribution we take all nodes that received fertilizer at any point during the
intervention and calculate the geodesic distance between receivers. The geodesic is the minimum number of
edges that need to be followed in order in connecting one node with another. The longest geodesic is then
divided by the total number of nodes in that village (to make the results comparable across villages). If there is
no longest path possible (because the receivers are in unconnected parts of the network) this v ariable takes the
maximu m value of 1.
Once all fertilizer packets had been traced, our research assistants re-surveyed all households in the
village on the same modules of fertilizer knowledge, use, and willingness to pay as found in the baseline
survey.17 The resulting dataset is a two-wave panel structure that allows us to identify changes in indicators of
interest that arise due to the chemical fertilizer distribution intervention . 18

3.3 The intervention
The intervention consisted of two components: (i) resources: we distributed sets of 1kg bags of fertilizer to
ambassadors; and (ii) knowledge: ambassadors were trained in fertilizer use and optimal application methods. In
each village, we selected three ambassadors based on their eigenvector centrality scores using the network data

16

T here are 104 observation for centrals and 121 for isolates.
We record modest attrition, 9% of our baseline respondents were note present during the endline survey. Annex Table A1 we regress
attrition on a set of baseline characteristics and find only one correlation: dropouts have had slightly lower war exposure. The difference is
however small. Further, we also collected some data on participants we could not reach in any of the field visits. T his data was collected
from a neighbour, family, or the village chief. We then compare this group against all who participated in the endline survey. Absence is
very low (3%) migrants and farmers are also less likely to be absent.
18
T he survey also asked whether the household had received fertilizer in the previous weeks. As a result, we have two sources on whether
the household received fertilizer: 1) from the tracking exercise, and 2) from the endline survey. In the current analyses, we use the first.
T here seem to have been some data entry errors providing a large mismatch between both data sets, ie when comparing the tracking data
(whom did you give fertilizer to) to the endline data (who did you receive fertiliser from) do not overlap to a large degree. We have to back
to the data entry forms to check..
In the endline survey we also collected a survey question for all households on WTP (specified in PAP), we did not include in analysis
below to save space, results are qualitatively similar.
17
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collected during the baseline survey.19 Information and resources may flow through any of the measured
networks (Blood Family, Field Neighbours, Discuss Agriculture), therefore, we use the union of these networks.
For an edge (relationship) to be present in the combined network graph it must be present in at least one of the
three networks. Since an edge need not be reciprocated for a node (head of household) to transfer information or
resources, we convert our network data from directed edges to undirected edges, meaning if either node claims a
connection to another node, we will treat it as two-way link between the two. We refer to the network after these
conversions as simply the combined network. In addition, the combined network approach provided the highest
variance in node centrality, and reduced the consequences of potential measurement error from any single
dimension.
Villages were assigned randomly to one of two treatments, randomizing within the 5 enumerator teams
in order to prevent bias resulting from enumerator-driven variations. In twenty randomly selected villages the
entry points were the three heads of household with the highest eigenvector centrality (centrals). In the
remaining twenty villages the entry points were the three heads of household with the lowest eigenvector
centrality (isolates). We expect that the centrals are more influential (Bonacich 2007). This should lead to higher
uptake and knowledge in villages where central farmers were trained, compared to villages wh ere isolate
farmers were trained.

[FIGURE 2]

Figure 2 illustrates a network map for two villages , one from each treatment group. The selected entry
points are represented by red dots with all other village heads of household being represented by blue dots and
edges between each household represented by the arrows . The network maps are structured so that individuals
with fewer connections are located on the periphery while households with numerous connects are located in the
center of the network map figure. It is fitting then that those individuals selected as “ambassadors” in the Isolate
treatment are located at the fringes of the network while selected “ambassadors” in the Centrals treatment are
located in the heart of the network map.
Table 3 shows descriptive statistics of central and isolate (first-stage) ambassadors, in which it becomes
evident that central and isolate ambassadors differ significantly on numerous personal characteristics. Centrals
are more likely to be named as leaders among farmers, male, literate, richer and head larger households. Also,
19

In some cases, one (or more) of lead farmers with the highest (lowest) centrality score were not present in the village. In such case, they
were replaced by the next highest (lowest) from a backup list.
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compared to isolate ambassadors, centrals are more likely to hold formal positions of authority, including being
village, have more frequent interactions with village elites, and are more knowledgeable about chemical
fertilizer. Isolates however are more likely to be migrants or members of an ethnic minority (although this
difference is statistically insignificant). These results underscore previous studies on Congo that highlight that
ethnicity and migration status are important determinants of social and economic life, and suggests that these
cleavages permeate even into the position an individual holds within their larger village social network. Finally,
we verify that our ambassador selection process was successfully by comparing network position of our
ambassadors and find that both the in-degree and the centrality of centrals are significantly higher (0.88) than
isolate ambassadors (0.10) as intended.20

[TABLE 3]

In each village the three selected Ambassadors took part in an agronomist-led training session lasting
approximately one hour. The training followed a set script (see appendix) and the topics included information on
types of fertilizer, benefits, application methods, expected market prices and access points in Bukavu. Our
training sessions focused exclusively on NPK chemical fertilizer for its flexibility in being applied throughout
the growing season and it positive effect on yields fo r a range of crops grown within the region (FAO, 2000)
After the training session, Ambassadors each received one 1kg bag of NPK chemical fertilizer and 3 “kits”.21
Each kit consisted of three 1kg bags of fertilizer, three stickers and three pens. We asked ambassadors to record
the date and time (on the sticker) each time they passed a bag of chemical fertilizer onwards to another
household head. We explained to Ambassadors that in order to maximize spread, they should distribute each kit
to a different household head of their choosing. The ambassadors were then asked to instruct recipients that they
should keep one bag of fertilizer and pass on the remaining two bags.22 The maximum spread per village based
on this distribution structure is 30 recipients (=3 bags for the initial ambassadors + 3 kits with each 3 bags of
1kg). While it was stressed that this would allow for the maximum spread of fertilizer, there were no sanctions
or incentives imposed to ensure this structure was followed in practice.

[FIGURE 3]
20

We have one outlier, with one supposed isolate ambassador having almost the maximum centrality score. It is possible that the research
assistants trained the wrong person to be an ambassador. Incorporating this outlier in the analysis will give conservative estimates about
treatment effect.
21
NPK fertilizers are three-component fertilizers providing nitrogen (N), phosphorus (P), and potassium (K).
22
We thus have links of size two.
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In our analysis below, we refer to the three trained farmers as first-stage ambassadors. Those villagers that
received fertilizer and training from these first-stage ambassadors are called second-stage ambassadors so long
as they also further distributed fertilizer. If any individual received fertilizer (from either first-stage or secondstage ambassadors) but did not further distribute fertilizer, they are referred to as receivers. Villagers that did not
receive any fertilizer are termed non-receivers.
Before moving to the results, we first explore the extent to which the suggested structure of diffusion
presented to the first-stage ambassadors was achieved in practice. In total 86% first-stage ambassadors
distributed fertilizer.23 Interviews with these first-stage ambassadors reveals that those ambassadors that did not
distribute their fertilizer kept all of it for their own use or said that they were waiting until the next planting
period to distribute the fertilizer to fellow village residents . The average number of recipients per first-stage
ambassador is 3.8, and the average kg per recipient is 1.7, both are larger than expected indicating that firststage ambassadors were not distributing solely using th e “kit” structure suggested during the training. Second
stage ambassadors distributed onward in only 20% of cases and when they did, they distributed on average to
1.8 people and in total 1.1 bags.

4. Results
We present our results in three parts. First, we explore whether there is a differential impact that varies based on
the eigenvector centrality of the ambassador for the observed outcomes of diffusion of fertilizer, adoption and
knowledge of distributed fertilizer, and WTP for chemical fertilizer. Second, we look at attenuation within the
separate diffusion patterns of the chemical fertilizer and its associated knowledge . Third, we explore the pattern
of diffusion by analyzing which characteristics of ambassadors and receivers are correlated with having received
chemical fertilizer during our intervention.

4.1 The impact of network position on technology diffusion
We first explore the causal effect of network centrality on the resulting diffusion of fertilizer adoption,
knowledge, and willingness to pay. In addition, we look at the speed and wideness of diffusion observed within
each village.

23

T hese are 97 of 116 first stage ambassadors (we lack data for 4 ambassadors)
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For fertilizer adoption, knowledge, and Willingness to Pay we have both baseline and endline data so
are able to estimate a difference-in-difference model:24

𝑌𝑖𝑗𝑡 = 𝛽0 + 𝛽1 𝑇𝑗 + 𝛽2 𝑃𝑜𝑠𝑡𝑡 + 𝛽3 𝑃𝑜𝑠𝑡𝑡 ∗ 𝑇𝑗 + 𝜕𝑘 + 𝜀𝑖𝑗

(1)

where, 𝑌𝑖𝑗𝑡 captures our main outcome measures for respondent i (with i = {1, ..., n}) in village j (with j = {1, ...
, 40}) at time t, where t=0 (t=1) indicates the baseline (endline). Tj is our treatment variable at the village level,
which takes the value T j =1 if the first-stage ambassador is an isolate, and Tj =0 if the first-stage ambassador is a
central. 𝜕𝑘 are dummies capturing research team fixed effects, as it is the variable on which our random
assignment to treatment was blocked. We report Newey-West standard errors robust to heteros kedasticity and
autocorrelation, clustered at the village level.25 Post is a dummy that signifies the post intervention period. The
variable of interest is the interaction between treatment and a post-intervention dummy (Post t *Tj ). We expect 𝛽3
to be negative, as we predict central ambassadors to be more effective at increasing adoption and
communicating knowledge (Borgatti, 2005). We estimate model (1) using Fixed Effects due to the Hausman pvalue being nearly significant.26

[TABLE 4]

Table 4 presents the results. We find that changes in fertiliser adoption levels, willingness to pay and fertiliser
knowledge do not differ by treatment. Column 1 shows the impact of isolate ambassadors on adoption of
fertilizer. While the intervention did generate a significant increase in fertilizer use, raising fertilizer adoption b y
8% compared to baseline levels, use of isolate ambassadors as entry points does not significantly effect this
increase differently than use of central ambassadors. We see a similar result for changes in fertilizer knowledge,
shown in Column 2, which increased as a result of the intervention but the magnitude of change was
unresponsive to treatment.27 However Willingess to Pay for fertilizer was unresponsive both to the intervention
and to treatment. This could be due to opposing forces occurring simultan eous. Improved knowledge on the
24

We pre-specified several models in the PAP, results are qualitatively the same.
While the pre-analysis plan does mention using a difference-in-difference approach, it was not specified correctly. We correct this now.
26
For fertilizer use it is 0,08 , for WTP 0,10 and for fertilizer knowledge 0,01. Random effects models are qualitatively the same.
27
As socioeconomic characteristics correlate with centrality levels, we explore what relationship exists between our time-varying villagelevel outcomes of interest and village-level average values of ambassador socio-economic characteristics that were found to be imbalanced
between treatment groups. See T able A2 for results. Having a higher proportion of migrants as ambassadors was found to be co rrelated with
lower fertilizer adoption while having higher proportions of literate, or greater war exposure, or having a chief as ambassadors was
positively correlated to greater knowledge uptake. Thus some correlates to centrality may be partially explanatory in observed diffusion
results.
25
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advantages of fertilizer is likely to increase an individual’s willingness to pay for fertilizer while increases in
local supply of fertilize will have a potentially negative effect. We are unable to decompose the net neutra leffect observed into these opposing forces.
Next, we look at the speed and wideness of fertiliser diffusion. As both these outcome variables were
generated solely by the implemented intervention, no baseline measures exist and so we estimate a simple crosssectional model.28 The last two columns of Table 4 present the results. Column 4 shows the effect on the speed
of diffusion,29 in which we find that isolate ambassadors completed their chemical fertilizer distribution four
days faster than central ambassadors. This is opposite to what we expected. We expected that central
ambassadors would distribute faster, as they had more connections and thus more potential peop le to whom they
could distribute fertilizer. Column 5 looks at the difference in the wideness of distribution. We find that isolate
ambassadors appear to distribute wider than central ambassadors. In central villages the path between all
receivers is 5% of the maximum length possible, while in isolate villages it is 13%. This implies that the
treatment has diffused further in the village. It makes sense that isolates lead to further diffusion: centrals are
often clustered together in the centre of the network map, while isolate ambassadors can be anywhere on the
fringes of the network. This result is however not significant. As this variable is at the village level, our
statistical power is low, and we find high standard errors for all of our estimated coefficients .

4.2 Treatment Attenuation
Next, we look at attenuation of the intervention. We expect fertilizer use, WTP and fertilizer knowledge to
diminish as it spreads through the village. In other words, an individual that receives information about fertilizer
use directly from the agronomist is more informed than an individual that received the intervention information
indirectly through network diffusion.
To explore treatment attenuation we divide each village into four groups (illustrated in Figure 3): i)
first-stage ambassadors, ii) those who received from first-stage ambassadors, iii) those who received from
second stage ambassadors and iv) non-receivers. By design, we do not have third stage ambassadors in our dat a.
Figure 4 plots our main outcome variables , fertilizer use, WTP and fertilizer knowledge across these four
groups. We find that across the board the intervention weakens when moving away from the entry point.

28

Specifically, for the speed of diffusion we estimate the following model: 𝑌𝑖𝑗 = 𝛽0 + 𝛽1 𝑇𝑗 + 𝜕𝑘 + 𝜀𝑖𝑗 , where 𝑌𝑖𝑗 are the number of days
between the initial fertilizer distribution and the date recorded on the package (if the indicated time was after 5pm, we add 0.5 rather than a
full day). Diffusion speed is measured at the individual level, in contrast diffusion spread is measured at the village level, and we estimate:
𝑌𝑗 = 𝛽0 + 𝛽1 𝑇𝑗 + 𝜕𝑘 + 𝜀𝑗 .
29
T he number of observations is lower here because it was not registered in all cases. T his might be because ambassadors forgot to write the
time down or because they did not know what the time was.
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[FIGURE 4]

To test this more formally, we regress our main outcome variables on the recipient groups.
Specifically, we estimate:

𝑌𝑖𝑗 = 𝛽0 + 𝛽1 𝑿𝑖 + 𝜕𝑘 + 𝜀𝑖𝑗

(2)

where, 𝑌𝑖𝑗 captures our main outcome measures for respondent i (with i = {1, ..., n}) in village j (with j = {1, ... ,
40}) measured during the endline. Xi is a vector capturing our four types of recipient groups . 𝜕𝑘 captures
research team fixed effects and standard errors are clustered at the village level. Results are presented in the
first three columns of Table 5. We see outcomes taper off strongly. The coefficients are negative and increasing
in size. Recipients from second stage ambassadors and non-recipients have a much smaller probability to apply
fertilizer or know about its use. Willingness to Pay follows a similar pattern, but stand ard errors are large.
We next investigate whether attenuation varies by the network position of the first-ambassador.30 The
latter three columns of Table 5 shows that there is no effect of the network-based treatment: central ambassadors
were no better than isolate ambassadors at sustaining the effect of the intervention.

4.3 Predicting Diffusion
Finally, we analyze with whom ambassadors share information and fertilizer packages.31 We ask what recipient
characteristics are correlated with receiving either information or fertilizer. Specifically, we estimate a simple
model of the following form:

𝑌𝑎𝑖𝑗 = 𝛽𝑋𝑎𝑖𝑗 + 𝜀𝑎𝑖𝑗

(3)

where Yaij is the outcome measure for ambassador a (with a = {1, 2, 3}) giving to recipient i (with i = {1, ..., n})
in village j (with j = {1, ... , 40}). We have two outcome variables: fertilizer given and information given.
Fertilizer given relies on our ambassador tracking data and information given relies on our endline data (1 if
respondents said they received fertilizer from first (second) stage ambassador). Xaij is a row vector of a set of
30
31

Specifically, we estimate: 𝑌𝑖𝑗 = 𝛽0 + 𝛽1𝑋𝑖 + 𝛽2 𝑋𝑖 ∗ 𝑇𝑗 + 𝛽3 𝑇𝑗 + 𝜕𝑘 + 𝜀𝑖𝑗 .
We use data for fertilizer use from the tracking exercise only. Fertilizer knowledge comes from the endline survey.
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variables we expect to predict ambassador giving behavior, including: the three types of social networks (family,
field neighbors and discuss agriculture), physical distance between hamlets, and receiver characteristics (age,
gender, migrant status, income). We first estimate this equation for first-stage ambassadors (Column 1 and 2 in
Table 6) and separately for second-stage ambassadors (Column 3 and 4). Standard errors are clustered at the
village level. In addition, we run this model again but also incorporating the treatment and its interaction with
our Xij treatment variables.32 We cluster errors at both village and ambassador level.

[TABLE 6]

Columns 1-4 in Table 6, show that a number of factors predict sharing behavior. Our study’s setup allows us to
separate the spread fertilizer (Column 1, 3, 5 and 7) from the spread of information about fertilizer (Column 2,
4, 6 and 8). Looking at the table, we find that the patterns are largely similar. First, ambassadors are more likely
to give fertilizer and information to people with whom they are directly connected to socially . Both first and
second stage ambassadors give more to people with whom they discuss agriculture and field neighbours.
Interestingly, blood family is only significantly related to passing fertilizer or information for second stage
ambassadors. Although kinship and blood family are typically thought to be important connections in the
developing world, our results suggest the need to delve further into their role. While these blood ties may serve
many important functions, the spread of new technologies may primarily follow links forged for other reasons.
Additionally, geographic proximity plays a key role as ambassadors tend to share fertilizer with their
geographical housing neighbors . The surveyed social networks variables hence overlap with the fertilizer and
information sharing network. These results echo results by Sperling and Loevinsohn (1994) for neighboring
Rwanda, who find that sharing of bean seeds was restricted to friends, family and neighbors. For the DRC,
Kendzior et al (2015) also find that seed sharing is primarily between family, field and house neighbors.
Our study also allows us to explore differences in distribution by those to whom we seeded information
and fertilizer directly (first-stage ambassadors), and those selected by them (direct receivers and second-stage
ambassadors). First-stage ambassadors are more likely to give fertilizer and information to village leaders.
Initial recipients of goods may feel an obligation to include the chief in any perceived rewards , an obligation
that intermediate recipients may feel less strongly. In contrast, first stage ambassadors share less to ethnic
minorities. This is even stronger for s econd stage ambassadors, people from ethnic minorities are much less

32

Specifically, we estimate: 𝑌𝑎𝑖𝑗 = 𝛽1𝑋𝑎𝑖𝑗 + 𝛽2𝑇𝑗 +𝛽3𝑇𝑗 𝑋𝑎𝑖𝑗 + 𝜀𝑎𝑖𝑗 .
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likely to receive either fertilizer or information. In contrast, migrants are more likely to receiv e from second
stage ambassadors.
Next, we consider compositional effects as they vary by treatment (Columns 5-8). We find that the
coefficient on the treatment indicator is negative, indicating that isolate ambassadors experience lower levels of
fertilizer and information distribution. One implication is that villages treated with isolate ambassadors
experience narrower reach of goods and information inserted into the networks. A second implication, however,
is that estimates unpacking spreading behavior in isolate-treated villages will naturally lack precision as isolates
by definition have fewer connections, share with fewer individuals, and are more likely to share with individuals
with whom no captured network connection exists .33
Looking at social network variables across both treatment groups, we find similar results: central and
isolate ambassadors are equally likely to distribute to family and field neighbors. One exception is that second
stage isolate farmers are less likely to share to people with whom they discuss agriculture. However, a key
difference across both groups is the impact of the receiver centrality. In isolate-treated villages, both first and
second stage ambassadors are more likely to give to people with high centrality scores. In addition, isolate first
stage ambassadors tend to give individuals of an ethnic minority. This echo’s the differences in ethnic buildup
of first stage ambassadors (Table 3).
Columns 5-8 suggest that goods and information given to low-centrality ambassadors tend to spread
fertilizer to individuals with higher centrality scores compared to those individuals who receive fertilizer from
central ambassadors.
Our results indicate that if the goal is to generate the largest overall change in the village's adoption of,
knowledge about, and spread of a new technology, measuring networks first in order to select ambassadors
based on their network centrality would not be worthwhile. Using the resources that would be devoted to
measuring the network to instead select and train more ambassadors may be more impactful. This is due to
information and goods seeded with the most central are likely to be distributed to geographical neighbors and
other moderately connected individuals within the ambassador’s immediate social network. Periphery
individuals are unlikely to receive goods of limited quantity if seeded to network-central individuals. Therefore,
if an implementing agency’s goal is to reach ethnic minorities, migrants, or similar households who tend to be
network isolates, they are best off directly targeting these individuals. These individuals can be used as network

33

See Figure A1 for frequency of fertilizer distribution by network connection type for first-stage ambassadors (broken down by treatment)
and all second-stage ambassadors (treatments grouped).
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injection points with no significant loss in adoption rates or resource spread while ensuring that potentially
marginalized households are directly accessing new technologies.

5. Conclusion
The diffusion of technologies and knowledge is a key component of political and economic development.
While it is acknowledged that the identity of the initial recipients may impact resulting distribution patterns and
development outcomes, few studies explicitly measure the consequences of their ne twork position. We
investigate whether the network position of initial recipients affects the use and knowledge of a technology,
willingness to pay for a technology, and speed and spread of diffusion. We also explore whether attenuation of
the technology and associated information takes place. Since social networks may constrain who passes new
information along to whom, we also consider whether the network position of the farmers affects which other
villagers receive the technology.
We implement a field experiment in 40 villages in the Democratic Republic of Congo (DRC), each
with approximately 65 households, in which we randomize whether the initial recipients of a new technology -in this case fertilizer-- are highly central (high eigenvector centrality) or highly isolated (low eigenvector
centrality) in the village's social network. Recipients were trained on correct use of the fertilizer, provided with
sufficient pre-packaged 1 kg bags of fertilizer to distribute to nine other individuals, and then invited to
distribute the technology onwards in a 2-stage structured design. Over the course of three visits to the village we
conducted surveys covering social ties, socio-economic characteristics, and agricultural production indicators as
well as diffusion through the village of the technology (chemical fertilizer) along with its associated knowledge
and rates of adoption.
We find that eigenvector centrality measures based on family, farming, and agricultural discussion
relationships are strongly correlated with observable characteristics. Eigenvector central farmers are more likely
to hold a high status position in the village and interact with village leaders, are less likely to be a migrant, are in
general richer, more literate, more likely to be male, and have larger families. For development practitioners
attempting to pinpoint network central individuals, these strong correlations decrease search costs associated
with network surveying. We find no evidence of a treatment effect of centrality on the quantity of fertilizer use,
knowledge or valuation. We do, however, find compositional effects: the network centrality affects which
villagers gain access to new technologies and learn about them. Both central and isolate farmers prefer sharing
along existing social ties but the sharing behavior of central first-stage ambassadors versus isolate first-stage
23

ambassadors differs in that isolate ambassadors tend to pass the technology on to more central individuals but
the most central do not pass the technology to the most isolated. As information and technology given only to
central villagers may not naturally reach isolated villagers, resources intended for periphery individuals are
better distributed directly to the periphery by the resource provider. For both centrals and isolates there is a
strong presence of attenuation in that the intervention effects significantly weakens as the resource moves away
from the entry point.
Our results speak to the importance of network position of initial receivers for the distribution of
resources and information in achieving development outcomes. Development proje ct designs must take into
account network sizes, desired spread and speed of diffusion, and intended recipients when selecting entry
points. With the goal of reducing implementation costs of introducing new technologies and information while
maximizing overall reach, the use of social network analysis is called into question. However, measures of
network centrality could be useful for attaining goals of reaching household on the periphery of social networks,
although greater research into whether more observable correlates of ethnicity or migrant status could be used as
inexpensive alternatives of identifying marginalized households. In either case, as the collection of network
data is costly, the ability to predict diffusion by social network analysis is beneficial only if less-expensive
alternative measures can be substituted. The close correlation found between social closeness and physical
closeness is one potential alternative. Beaman et al (2015) found that constructing a social network map for t he
selection of initial recipients using only household GPS data proved more effective than the status quo, though
not as effective as incorporating full network data. As collection of GPS data is more feasible for NGOs, the
trade-off in costs and benefits is a question that begs further research.
The generalizability of results is limited as our study does not account for social networks that
transcend village borders. While development programs involving resource and information distribution are
typically implemented at the village level in the DRC, NGOs do not necessarily restrict, and in some cases may
promote, diffusion to neighboring villages. Furthermore, selection of participating villages was non -random and
restricted only to small villages in which network mapping was feasible. Larger networks are inherently more
complex, making extrapolation of small-network diffusion dynamics challenging.
work.

24

We leave this for future
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Figure 2: Ambassador Selection
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Tables

Table 1: Study Timeline
Visit
A

Day
1

Activity
 Baseline survey
 Map full household-level social networks
 Chief survey to obtain village level information

Time window
17 February – 13 March 2015

B

31

 Intervention. Train (isolate or central) lead farmers and distribute technology
 Elicit WTP for fertilizer.

20 March – 29 March 2015

C

45

 T rack fertilizer and knowledge spillovers

8 April – 29 April 2015

Table 2: Descriptive statistics and balance
Treatment Centrals
Variable

Treatment Isolates

N

Mean

SD

N

Mean

SD

P-value

Age

1191

46.75

17.87

1336

45.16

17.18

0.149

Gender (1=female)

1191

0.32

0.47

1336

0.32

0.47

0.858

Literacy

1167

0.49

0.50

1298

0.43

0.50

0.311

Ethnicity (1=minority group)

1195

0.08

0.28

1338

0.18

0.39

0.307

War Exposure (max 4.5)

1171

2.41

1.07

1304

2.22

1.01

0.249

Household Size

1171

6.29

3.14

1304

6.37

3.18

0.748

Income Index

1135

0.00

1.00

1255

-0.03

0.91

0.648

Land size (km )

1149

5.11

11.16

1266

4.80

9.91

0.722

Likely lead farmer (1=yes)

1195

0.23

0.42

1338

0.21

0.41

0.480

Chief (1=yes)

1171

0.02

0.13

1304

0.02

0.13

0.899

Migrant (1=yes)

1191

0.35

0.48

1335

0.31

0.46

0.181

20

62

19

20

68

13

0.246

Ever used fertilizer (yes=1)

1158

0.06

0.24

1285

0.07

0.26

0.424

Fertilizer Knowledge Score (max 8.5)

1166

1.27

1.47

1299

1.26

1.44

0.954

Willingness to Pay (RCS, in US$)

335

1.49

1.34

339

1.59

1.46

0.664

Centrality

1195

0.34

0.27

1338

0.32

0.26

0.591

In-degree

1195

7.79

5.08

1338

10.02

7.10

0.029***

Density

20

0.14

0.07

20

0.15

0.07

0.620

Clustering coefficient

20

0.60

0.18

20

0.62

0.20

0.783

Respondent Characteristics

2

Village Size
Outcome variables

Social Network

P-values are from regressions with standard errors clustered at the village level (where appropriate). There are some small deviations f r om
the PAP here, where we specified simple t-tests without clustering. Land size is restricted to maximum 100 km 2 . Income index is a
normalised index (for the control group) calculated using the user-written Stata program WMEANEFFECTS and com p rises: # ch icke ns
owned, # goats or sheep owned, # cows owned, land size, land access
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Table 3: Ambassador Characteristics
Centrals

Isolates

Variable

N

Mean

SD

N

Mean

SD

P-value

Age

56

50.2

13.8

57

46.1

18.4

0.292

Gender (female=1)

56

0.13

0.33

57

0.51

0.50

0.000***

Literate (yes=1)

56

0.54

0.50

57

0.32

0.47

0.060*

Ethnicity (1= minority group)

56

0.05

0.23

57

0.14

0.35

0.342

War Exposure (max 4.5)

56

2.63

0.97

57

2.26

0.89

0.098*

Household Size

56

7.39

3.97

57

5.58

3.01

0.019**

Income Index

53

0.28

0.86

56

-0.27

0.80

0.002**

Likely lead farmer (yes=1)

56

0.52

0.50

57

0.14

0.35

0.000***

Used fertilizer (yes=1)

56

0.09

0.29

57

0.04

0.19

0.420

Fertilizer Knowledge (max 8.5)

56

1.71

1.42

57

0.80

1.19

0.001***

Willingness to Pay for fertilizer (US$)

49

1.80

1.69

55

1.46

1.59

0.447

Village Chief (yes=1)

56

0.18

0.39

57

0.00

0.00

0.000***

# times talked to chief in last month

46

11.3

10.5

57

6.0

8.7

0.020**

Migrant (yes=1)

56

0.11

0.31

57

0.49

0.50

0.000***

Indegree

56

14.3

7.0

57

4.5

4.0

0.000***

Centrality
56
0.88
0.11
57
0.10
0.14
0.000***
P-values are from regressions with standard errors clustered at the village level. War exposure is based on one question where respon dents
could give multiple answers. Each answer has a score attached, and this variable sums those scores togeth er . Saw Figh t in g, 0 . 5 p oin t.
Property Damage/Loss, 0.5 points. Injured in the war, 1 point. Family member injured in the war, 0.5 point. Family member k il led in t he
war, 1 point. Migrated because of the war, 1 point. Income index is a normalised index (for the control group) calculated usin g t h e use r written Stata program WMEANEFFECTS and comprises: # chickens owned, # goats or sheep owned, # cows owned, land size, land acc ess
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Table 4: Centrality and Diffusion
(1)
Fertilizer Use
T reatment*Post
Post

0.000
(0.036)
0.084 ***
(0.022)

(2)
Fertilizer
Knowledge
0.021
(0.144)
0.696 ***
(0.110)

T reatment (1= isolate ambassadors)
In-degree

(3)
Willingness to Pay
0.142
(0.246)
-0.199
(0.175)

(4)
Speed of Diffusion

(5)
Wideness of
Distribution

-4.196 ***
(1.049)
-0.036
(0.058)
220
33

0.081
(0.075)
-0.005
(0.004)
39

Observations
4677
1198
4708
# Clusters
40
40
40
Mean dep var (centrals at baseline)
0.06
1.27
1.49
Mean dep var (centrals)
7.77
0.05
Models OLS regressions, fixed effects. Blocking fixed effects included. Robust standard errors in parentheses clustered at the village level. *
p < 0.10, ** p < 0.05, *** p < 0.01. We deviate from the PAP here. In-degree was added to control for imbalance at baseline.
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Table 5: Centrality and intervention attenuation
(1)
Fertilizer Use
Received from 1 st stage
ambassadors
Received from 2 nd stage
ambassadors
Non-Receiver
Indegree

-0.086
(0.057)
-0.192 ***
(0.055)
-0.264 ***
(0.052)
0.004 *
(0.002)

(2)
Fertilizer
Knowledge
0.185
(0.288)
-0.197
(0.175)
-0.419 ***
(0.130)
0.015 *
(0.009)

T reatment (1= isolate
ambassadors)
T reatment*Received from 1 st
stage ambassadors
T reatment*Received from 2 nd
stage ambssadors
T reatment*Non-Receivers

(3)
WT P RCS

(4)
Fertilizer Use

-0.139
(0.176)
-0.494 ***
(0.152)
-0.486 **
(0.213)
0.016
(0.012)

-0.061
(0.077)
-0.156 *
(0.082)
-0.258 ***
(0.079)
-0.014
(0.111)
0.004 *
(0.002)
0.033
(0.117)
-0.051
(0.120)
-0.069
(0.112)
0.244 ***
(0.085)
2206
40

(5)
Fertilizer
Knowledge
-0.465 **
(0.190)
-0.843 ***
(0.278)
-1.300 ***
(0.193)
0.033
(0.305)
0.008
(0.006)
-0.075
(0.289)
0.175
(0.314)
0.338
(0.387)
2.722 ***
(0.172)
2245
40

(6)
WT P RCS
-0.292
(0.259)
-0.379
(0.245)
-0.395
(0.319)
-0.192
(0.381)
0.015
(0.012)
0.067
(0.288)
0.289
(0.362)
-0.198
(0.302)
1.587 ***
(0.252)
525
40

0.259 ***
1.343 ***
1.634 ***
(0.054)
(0.243)
(0.176)
Observations
2206
2245
525
Number of Clusters
40
40
40
P fromfirst=fromsecond
0.0055
0.21
0.0066
P fromsecond=nonreceiver
0.068
0.13
0.95
OLS Regressions. Robust standard errors in parentheses clustered at the village level. Blocking fixed effects included. Blocking fixed effects
included. * p < 0.10, ** p < 0.05, *** p < 0.01.
Constant
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Table 6: Predicting Diffusion Behaviour
(1)
Fertilizer
Given
1st
ambassador

(2)
Information
Given
1st
ambassador

(3)
Fertilizer
Given
2nd
ambassador

(4)
Information
Given
2nd
ambassador

0.845 ***
(0.226)
0.449 *
(0.264)
0.671 ***
(0.197)
-3.628 ***
(0.765)
-0.458
(0.426)
0.002
(0.004)
-0.213
(0.177)
0.104
(0.073)
0.170
(0.231)
-0.334
(0.255)
-0.408 ***
(0.156)
0.356 *
(0.207)

0.530 *
(0.292)
0.636 *
(0.359)
0.596 **
(0.279)
-2.450 ***
(0.748)
0.073
(0.622)
-0.011
(0.008)
-0.116
(0.242)
-0.038
(0.195)
-0.133
(0.265)
-0.369
(0.432)
-0.494 **
(0.203)
0.615 ***
(0.214)

(5)
Fertilizer
Given
1st
ambassador

(6)
Information
Given
1st
ambassador

(7)
Fertilizer
Given
2nd
ambassa
dor

(8)
Informati
on Given
2nd
ambassa
dor

0.176
0.360 *
0.927 ***
-0.198
(0.206)
(0.215)
(0.300)
(0.431)
Field Neighbors
0.225
0.289
0.285
0.716 **
(0.283)
(0.285)
(0.488)
(0.331)
Discuss Agriculture
0.426
0.477 *
1.188 ***
1.571 **
(0.261)
(0.287)
(0.339)
(0.682)
Physical Distance
-2.816 ***
-1.694 **
-3.916 **
-2.149 **
(0.650)
(0.827)
(1.529)
(1.049)
Centrality
-0.652 *
-1.023 ***
-1.637 ***
-1.680 **
(0.364)
(0.341)
(0.355)
(0.822)
Receiver age
-0.001
-0.002
0.001
-0.024
(0.006)
(0.005)
(0.006)
(0.018)
Receiver is female
-0.261
-0.110
0.016
-0.260
(0.310)
(0.260)
(0.281)
(0.281)
Receiver Income index
0.014
0.075
0.133 ***
-0.103
(0.067)
(0.084)
(0.031)
(0.208)
Same agricultural group
-0.014
0.074
0.486
-0.004
(0.301)
(0.339)
(0.319)
(0.404)
Receiver is leader
0.379 *
0.090
-0.629 **
-0.727
(0.213)
(0.199)
(0.308)
(0.651)
Receiver is ethnic minority
-0.386 **
-1.206 ***
-0.342 ***
-0.732 **
(0.180)
(0.186)
(0.102)
(0.295)
Receiver is migrant
0.051
0.093
0.238
0.943 ***
(0.204)
(0.218)
(0.400)
(0.257)
T reatment (1 = isolate
-1.422 ***
-1.213 **
-0.487
-0.609
ambassadors)
(0.489)
(0.554)
(0.499)
(0.964)
*Receiver Blood family
0.366
0.295
-0.156
0.897
(0.500)
(0.521)
(0.443)
(0.582)
*Receiver Field Neighbor
0.265
0.570
0.198
-0.186
(0.436)
(0.449)
(0.581)
(0.593)
*Receiver Discuss
0.254
-0.350
-0.837 **
-1.375 *
Agriculture
(0.423)
(0.531)
(0.410)
(0.729)
*Receiver Physical
0.963
-0.608
0.329
-0.682
Distance
(0.856)
(1.062)
(1.731)
(1.423)
*Receiver Centrality
2.127 ***
2.399 ***
1.877 ***
2.093 *
(0.474)
(0.458)
(0.705)
(1.145)
*Receiver age
0.007
0.007
0.003
0.018
(0.007)
(0.007)
(0.008)
(0.020)
*Receiver is female
0.211
0.448
-0.391
0.268
(0.348)
(0.316)
(0.342)
(0.412)
*Receiver is migrant
-0.140
-0.355
0.225
-0.556
(0.270)
(0.305)
(0.447)
(0.390)
*Receiver Income index
-0.012
-0.033
-0.093
0.129
(0.093)
(0.129)
(0.173)
(0.358)
*Same agricultural group
0.291
0.033
-0.488
-0.252
(0.349)
(0.380)
(0.438)
(0.498)
*Receiver is leader
-0.109
0.335
0.503
0.622
(0.301)
(0.303)
(0.459)
(0.795)
***
*Receiver is ethnic
0.265
0.918
-0.117
0.182
minority
(0.309)
(0.234)
(0.231)
(0.382)
Constant
-2.398 ***
-2.543 ***
-2.957 ***
-2.867 ***
-1.567 ***
-1.877 ***
-2.636 *** -2.294 ***
(0.243)
(0.278)
(0.240)
(0.444)
(0.399)
(0.409)
(0.341)
(0.809)
Observations
4871
4519
5394
3170
4871
4519
5394
3170
Odd columns use ambassador tracking data. Even columns use endline data, 1 if respondents said they received fertilizer from first (second)
stage ambassador. Logistic regressions. Robust standard errors in parentheses clustered at the village level and ambassador level. Blo cking
fixed effects included. p < 0.10, ** p < 0.05, *** p < 0.01 Income index is a normalised index (for the control group) calculated usin g t h e
user-written Stata program WMEANEFFECTS and comprises: # chickens owned, # goats or sheep owned, # cows owned, land size, la n d
access. T he PAP said we would check for differences across treatment using a Chow test. However, this is not possible when clust erin g a t
two levels, so we opted to simply add interactions with treatments to look for differences in coefficients between ambassador types. We also
said we would weight for the probability to be selected based on village size. T his is not possible when clustering at two levels. In addition ,
we dropped variables in changes due to high multicollinearity. We added whether a receiver belonged to ethnic minority in village.
Blood family

0.003
(0.201)
0.286
(0.227)
0.459 **
(0.206)
-2.024 ***
(0.396)
0.670 **
(0.271)
0.002
(0.004)
-0.122
(0.161)
-0.013
(0.044)
0.035
(0.215)
0.351 **
(0.150)
-0.144
(0.227)
-0.003
(0.126)

0.137
(0.197)
0.420 *
(0.225)
0.348
(0.220)
-1.781 ***
(0.528)
0.344
(0.278)
0.002
(0.003)
0.131
(0.156)
0.028
(0.066)
0.051
(0.233)
0.266 *
(0.153)
-0.433 *
(0.249)
-0.070
(0.144)
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Table A1: Attrition
(1)
Panel
Attrition

(2)
Absence

-0.005
(0.005)
0.303
(0.236)
0.075
(0.283)
0.302
(0.424)
-0.183 **
(0.083)
0.005
(0.022)
-0.015
(0.200)
-0.060
(0.046)
-0.001
(0.001)

0.007
(0.010)
0.272
(0.218)

Physical Distance
T reatment (Isolate=1)
Age
Female
Centrality
War Participation
War Exposure
Household Size
Migrant
Fertilizer Knowledge (baseline)
Land Size
Student
Farmer
Wage Labourer
Petty Trader
Miner
Unemployed
Other Work
Constant

-1.763 ***
(0.478)
2461
0.091

-1.233 ***
(0.409)

0.026
(0.998)
-1.244 ***
(0.238)
-0.530
(0.420)
0.794 **
(0.334)
-0.030
(0.310)
-1.299 *
(0.787)
-0.356
(0.470)
-2.519 ***
(0.547)
2330

Observations
fraction attrited
fraction absent
0.031
Robust standard errors in parentheses clustered at the village level. p < 0.10, ** p < 0.05, *** p < 0.01.

Table A2: Average Ambassador Values on Change in Outcomes
(1)
(2)
Average values for 3 FirstDelta Fertilizer
Delta Fertilizer
Stage Ambassadors
Use
Knowledge
0.015
-0.105
Female
(0.100)
(0.372)
-0.003
0.503**
Literacy
(0.080)
(0.225)
-0.012
0.235**
War Exposure
(0.035)
(0.095)
0.005
0.039
Household Size
(0.007)
(0.031)
0.006
-0.050
Wealth Index
(0.054)
(0.125)
-0.072
0.229
Nominated Lead Farmer
(0.080)
(0.228)
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(3)
Delta WTP
RCS
0.516
(0.561)
0.093
(0.442)
-0.084
(0.178)
0.116*
(0.058)
0.148
(0.186)
0.812
(0.525)

Chief Selected
Migrant
Fertilizer Knoweldge
Centrality
In-Degree
Constant
Observations
# Clusters

0.713*
(0.389)
-0.139
(0.273)
-0.088
(0.081)
-0.182
(0.313)
-0.032*
(0.016)
0.110
(0.405)
2240
40

0.152
(0.169)
-0.149*
(0.086)
0.024
(0.027)
-0.096
(0.084)
-0.000
(0.006)
0.157
(0.127)
2208
40

-0.124
(0.563)
0.115
(0.353)
0.061
(0.151)
-0.132
(0.588)
-0.044
(0.037)
-0.769
(0.652)
482
40

OLS regressions. Regression includes all average value of ambassadors in a village. For the variables that
significantly differ across treatment groups per Table 2. Robust standard errors in parentheses clustered at the
village level.
* p < 0.10, ** p < 0.05, *** p < 0.01.
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