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Abstract

Communities in developing countries often must cooperate to self-provide or co-produce local
public goods. Many expect that community social networks facilitate this cooperation, but few
studies directly observe real-life networks in these settings. We collect detailed social network
data in rural Northern Ghana to explore how social positions and proximity to community
leaders predict donations to a local public good. We then implement a field experiment manip-
ulating participants’ opportunity to communicate and apply social pressure before donating.
We find clear evidence that locations in community social networks predict cooperative behav-
ior, but no evidence that communication improves coordination or cooperation, in contrast to
common theoretical expectations and laboratory findings. Our results show that evolved, real-
life social networks serve as a mapping of community members’ already-engrained behaviors,
not only as an active technology through which social influence propagates to solve collective
action problems.
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Introduction

Communities in the developing world often complement limited state provision by self-providing

or co-producing local public goods (Miguel and Gugerty 2005, Habyarimana et al. 2007, 2009,

Baldwin 2015). Many mechanisms for overcoming the collective action problems inherent in self-

provision are expected to operate through the social ties that connect community members to their

peers. Social networks facilitate cooperation by allowing community members to communicate

and coordinate their behaviors (Ostrom et al. 1992, Balliet 2010), as well as by providing avenues

to observe and deter free-riding (Ostrom 1990, Habyarimana et al. 2007, 2009). Similarly, the

ability of community leaders – such as traditional chiefs – to serve as focal points who induce

cooperation is said to depend on the nature of their social ties to community members (Baldassarri

and Grossman 2011, Baldwin 2015, Gottlieb 2017).

Links between social networks and cooperation have been documented in laboratory settings

(e.g., Rand et al. 2011). But few studies examine how real-life social network structures mediate

the self-provision of local public goods, especially in the developing world.1 More importantly, key

questions remain about the mechanisms through which social networks affect cooperation. Many

political science theories assume that social relationships matter primarily because of the informa-

tion that actively flows through ties to facilitate social influence (Ostrom et al. 1992, Habyarimana

et al. 2007, 2009, Siegel 2009, Rolfe 2012, Larson and Lewis 2017). Yet social networks may

also explain cooperative behavior even when no information passes among ties at all.

Studies of evolutionary network formation suggest that real-life network positions will often

be outcomes of past behavior. Current networks may be endogenously sorted by individuals’ in-

nate types or traits (e.g., cooperative or non-cooperative) or existing internalization of cooperative

norms (Eguiluz et al. 2005, Wang et al. 2012, Gallo and Yan 2015). Moreover, a long tradition of

1More common are proxy measures of social ties rather than full networks (Habyarimana et al. 2007, 2009, Dionne
2015). Research mapping networks in developing countries primarily focuses on other outcomes, such as technology
adoption, information diffusion, or political behavior (Alatas et al. 2016, Cruz et al. 2017, Larson and Lewis 2017,
Eubank et al. 2019, Ferrali et al. 2019).
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scholarship in sociology posits that individuals act based on internalized norms of behavior tied to

their pre-existing positions within social structures (White et al. 1976, Burt 1982). Each of these

theories suggests that social network positions may be correlated with behavior in a new situation

even absent any contemporaneous node-to-node influence (Shalizi and Thomas 2011).

Observing this second category of explanations – which views a network as a map of likely

behaviors rather than a technology for active information transmission and social influence – re-

quires studying cooperation in the field. Unlike in laboratory games among strangers, real social

networks shaping local public goods provision in rural communities are evolutionary, accumulated

outcomes of lifetimes of repeated interaction that are likely already sorted by past behavior. More-

over, theories of networks as technologies for information transmission and networks as maps

make observationally equivalent predictions in many applications. For example, if scholars ob-

serve that more network central – or findable (e.g., Habyarimana et al. 2007, 2009) – individuals

cooperate more, they often will have no means to distinguish whether this is due to greater infor-

mation transmission into and out of more central nodes, or to underlying differences in traits or

internalized norms already correlated with network centrality. But these two sets of theories have

very different implications for understanding local public goods provision: to the extent that the

assortative, evolutionary selection of network ties confounds estimates of the effect of network

position on behavior, we may significantly over-attribute real-world cooperation to active social

influence within communities.

We implement an original field experiment that distinguishes between these two categories

of explanations by randomly varying the opportunity for information to flow through nodes in

real-life community social networks as community members coordinate in the provision of a real

local public good. After mapping household-level social networks in five ethnically homogenous

communities in Northern Ghana, household heads in the control group could donate some or all of

a fixed endowment to a community leader to fund a local public good, with contributions doubled

by the research team. The leader and good were selected by plurality vote among the donors.
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Participants in the control group made anonymous donations immediately after this activity was

introduced to them, with no opportunity for information or influence to flow between them and

peers or community leaders.

For treatment households, enumerators instead waited for one to two days after the baseline

survey to collect donations. This created an opportunity for peers to communicate, as well as for

community leaders to steer participants towards a preferred donation strategy. We observe whether

communication affects intra-community and dyadic coordination – the degree of clustering on the

same behaviors – and cooperation – the amount donated. We are especially interested in how the

locations of participants in the social network – relative to each other and to community leaders –

moderate these effects.

Overall, many participants cooperated (donated) and there is clear evidence that social network

positions predict behavior. More network central participants donated significantly more to the

local public good. “Conditional cooperators” – those who donate more when they expect others to

also donate more (Ostrom 2000) – were also heavily concentrated at the center of each network, but

absent on the periphery, where free-riding was more likely. In addition, participants who were more

closely linked were more likely to vote for the same projects and select the same leaders to manage

them. Crucially, each of these relationships exists within the overall sample and the control group

alone, suggesting that social positions explain cooperative behavior even absent active information

or influence propagating over the network.

But we find no support for any of our hypotheses about the “delayed collection” treatment.2

Treated participants did not coordinate – converge on donation amounts – during the waiting pe-

riod, even with their closest social alters. Donation amounts and leader and project preferences

also did not differ systematically by participants’ social proximity to community leaders. Despite

no change in coordination (clustering), cooperation (donation amounts) actually declined slightly

among participants who could communicate, not increased, as existing studies predict (Ostrom et

2Our hypotheses and pre-analysis plan were pre-registered prior to implementation.
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al. 1992, Bochet et al. 2006, Vanberg 2008, Balliet 2010).

These null results cannot be explained by treated participants consuming their endowments,

being influenced by social ties in the control group, or by the stakes being too low. Instead, sig-

nificant communication occurred, with most treated participants speaking with others about the

activity and many attempting to convince each other to donate more. But this social influence

mostly failed. Meanwhile, with the exception of attitudes about which project to select (e.g., water

vs. electricity), network positions still predict similar behaviors among treated participants as in the

control group, suggesting that cooperative behavior may already be encoded in network positions.

External validity is necessarily constrained by focusing on a particular collective action situa-

tion in a small set of communities. In addition, by keeping all donations anonymous, our design

forecloses on monitoring and sanctioning for free-riding – an additional mechanism by which net-

works are hypothesized to actively influence behavior. We keep donations anonymous for ethical

reasons, but also to ensure that behavior in the control group could not be shaped by anticipated

social pressure: control participants knew free-riding would go unpunished, yet cooperation was

correlated with network positions all the same. Because laboratory studies regularly find that com-

munication alone increases cooperation even absent opportunities to monitor or punish free-riding

(Ostrom et al. 1992, Bochet et al. 2006), finding that it fails to do so in the field still suggests a

need to broaden standard expectations about how networks facilitate cooperation.

This paper makes several contributions. First, we demonstrate that scholars of cooperative lo-

cal public goods provision may be focusing too much on active and direct pressure from peers

and leaders at the expense of studying the ways in which cooperative behaviors may already have

become embedded in local social structures. The two broad views of social networks we compare

are not mutually exclusive; our single study by no means implies that information does not flow

through networks in other contexts in ways that improve cooperation, especially where sanctioning

is possible. But showing that networks explain cooperative behavior even without any information

or influence being transmitted challenges scholars to think more carefully about the possible mech-
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anisms linking social ties to real-life cooperation.

Second, we join a small set of studies in political science demonstrating that real-life locations

in social networks predict political behavior in the developing world (Cruz et al. 2017, Larson and

Lewis 2017, Eubank et al. 2019, Ferrali et al. 2019). We advance this literature by being among

the first, alongside Eubank et al. (2019), to use networks to explore how communities solve real

collective action problems.

Third, null findings for our experimental hypotheses about the influence of traditional chiefs

and peer-to-peer interactions complicate our understanding of why collective action problems ap-

pear simplest to resolve in small, ethnically homogenous communities where community members

have strong social ties (Olson 1965, Miguel and Gugerty 2005, Habyarimana et al. 2007, 2009).

Even in what approximates a “most-likely” setting for social influence and leadership in encour-

aging cooperation – key mechanisms used to explain cooperation in these settings – we find no

evidence that peers or leaders influenced contributions. Instead, the already high degree of cooper-

ation in our control group suggests a need to look elsewhere – such as to processes of evolutionary

network formation or the imprinting of social roles – to better understand how small communities

solve collective action problems.

Two views of social networks

In contexts of low state capacity, communities often must overcome collective action dilemmas to

co-produce or self-provide some local public goods. Many theories assume that social ties play an

important role in preventing free-riding. In this first view of social networks, they are a technology

through which contemporaneous information spreads to facilitate social influence (Siegel 2009,

Larson and Lewis 2017).

A key means by which networks serve as a technology for influence is by facilitating commu-

nication among nodes. Despite being “cheap talk,” communication regularly reduces free-riding

in the laboratory – without a threat of ex post sanctioning – by allowing peers to make promises
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of cooperation they find hard to break (Ostrom et al. 1992, Ostrom 2000, Bochet et al. 2006,

Balliet 2010). Communication causes players to feel empathy, sparking altruism (Andreoni and

Rao 2011), and many players prefer not to break cooperative promises due to feelings of “guilt

aversion” (Charness and Dufwenberg 2006, Vanberg 2008). Similarly, respected community lead-

ers, such as chiefs, are claimed to facilitate cooperation by communicating which behaviors are in

their community’s best interest (Baldwin 2015, Gottlieb 2017). Closer alters in the network are

more likely to communicate or be able to do so effectively (Habyarimana et al. 2007, Larsen and

Lewis 2017). Network locations – such as centrality or proximity to peers or leaders – should then

affect how much social influence individuals are subject to, and in turn, how much they cooperate

and coordinate.

The broader literature linking social networks to other types of political behavior similarly

views networks as a technology through which actors learn contemporaneous information about

their peers’ (intended) behavior and adjust their own (Fowler 2005, Sinclair 2012, Rolfe 2012,

Eubank et al. 2019). Importantly, just as in laboratory experiments on cooperation, social influ-

ence through networks is commonly argued to occur even without direct sanctioning by peers

(Rolfe 2012). Communication about each other’s behaviors can produce contagion, learning, up-

dated priors about a behavior’s risks, preferences for conformity, or related mechanisms of social

influence (Granovetter 1978, Fowler 2005, Siegel 2009).

Yet there is a second possible relationship between networks and cooperation, emerging from

observations that cooperation does not require contemporaneous exchanges of information. In

laboratory public goods experiments, full free-riding is rare, even if behavior is anonymous and

players cannot communicate (Ostrom 2000). Instead, many players behave as “conditional cooper-

ators,” cooperating as long as they expect others will do so as well (Fischbacher and Gächter 2010).

Network positions – such as centrality or the distance between pairs of nodes – may already map

to these types of behaviors. This could be either (a) due to the endogenous selection of network

ties or (b) because pre-existing locations in social structures have already caused participants to
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adopt different behavioral rules.

First, individuals in an evolved, real-life social network may be sorted by their innate or learned

propensity to cooperate, with current network locations selected on prior behavior. Laboratory and

simulation studies of network formation demonstrate that, through repeated interaction, cooper-

ative players are often sorted into the centers of networks because they develop and keep more

social ties (Gallo and Yan 2015). Similarly, individuals who act as conditional cooperators often

cluster in central social positions because others are more likely to maintain social relationships

with them (Wang et al. 2012). Sorting can also affect social proximity among pairs, or dyads, of

nodes: homophily – the assortative clustering of individuals with similar characteristics – is an

extremely common feature of networks (McPherson et al. 2001).

Endogenous sorting is possible regardless of whether we view individuals’ underlying propen-

sity to cooperate as emerging from their fixed “types” – for example, from innate personality

traits that affect cooperative dispositions (Volk et al. 2012, Balliet and Van Lange 2013) – or from

pre-existing differences in internalized cooperative norms and behavioral rules.3 Either way, the

process through which ties are selected is a major confounder for social influence: proximate ties

in the network may be linked because they usually behave similarly, not behave similarly because

they are linked (Shalizi and Thomas 2011).

Second, individuals’ positions within evolved local social structures may have already shaped

their beliefs about the appropriate social roles and behavioral rules that apply to them. Sociologists

of “role theory” have long posited that different social positions and their normative construction

cause individuals to internalize different behavioral norms (White et al. 1976, Burt 1982). For

example, socially central individuals may see themselves as prominent community members with

responsibility to ensure their community is provided for, cooperating regardless of whether they

communicate with others or are pressured to do so. Such a dynamic has similar implications as

3There is broad variation in whether an acquired or innate behavioral rule such as conditional cooperation is
labeled a “norm” (Elster 1989, Bicchieri 2017) or a player’s “type” or “trait” (Ostrom 2000, Rolfe 2012).
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sorting: existing network locations will already be correlated with likely behavior. Under either

mechanism, cooperation in a new situation may be highly correlated with network positions even

without further social influence or information transmission.

In what follows, we are agnostic about whether endogenous sorting or the internalization of

social roles is most responsible for mapping network positions to behavior. But we attempt to dis-

tinguish this second broad view of social networks from more standard expectations that networks

matter for cooperation instead because they facilitate the active, contemporaneous transmission of

information and influence. We do so by experimentally manipulating opportunities for commu-

nication and influence over already evolved, real-world networks with real local public goods at

stake.

The design below does not speak to the effects of sanctioning, however. Sanctioning is an

additional mechanism falling under the first view of networks as a technology for influence: via

monitoring, information can also pass among nodes about who is free-riding and be used to pun-

ish defectors (Ostrom 1990, Miguel and Gugerty 2005, Habyarimana et al. 2007). Showing that

networks already map to cooperative behavior suggests a plausible alternative explanation for com-

mon claims about sanctioning, such as that more central, or findable, individuals cooperate more

because they are easier to sanction (e.g., Habyarimana et al. 2007). But our design cannot rule

out that networks could still be technologies for influence in situations in which sanctioning is

possible.

The case: rural Northern Ghana

We focus on Northern Ghana as an illustrative case of the collective action dilemmas faced by rural

communities in which the state is weak. Communities in this peripheral region frequently must

bridge gaps in state service provision, at least in part, through the co-production of basic local

public goods. For example, faced with limited state funding for school construction, it has been
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common for communities to pool resources and labor to put up simple school structures on their

own initiative, with the hope their informal school is eventually absorbed by the state system.4

In another example, the financially-constrained state electrical utility has a long-standing cost-

sharing program that prioritizes connecting rural communities to the grid if they first pool their

own resources to buy the electrical poles and other supplies (Ministry of Energy 2010). Related

forms of self-provision or co-production have been studied in Kenya (Miguel and Gugerty 2005),

Malawi (Dionne 2015), Uganda (Habyarimana et al. 2009), and Zambia (Baldwin 2015), among

other cases.

While Northern Ghana is home to 30 distinct ethnic groups, most rural communities are ho-

mogenous. As a result, Northern Ghana provides archetypical examples of the small, ethnically

homogenous communities in which social relationships among peers are thought to most easily

facilitate cooperation (Miguel and Gugerty 2005, Habyarimana et al. 2007, 2009). In addition to

ties among community members, we also focus on links to three main community leaders: chiefs,

elected District Assembly members (non-partisan local government representatives), and religious

leaders (pastors or imams, depending on ethnic group). In practice, chiefs are often most impor-

tant; as elsewhere across much of rural Africa, they play a particularly central role in coordinating

self-provision and co-production (Baldwin 2015), although Northern ethnic groups vary in whether

their traditional leaders are legally recognized (Nathan 2019).

Data and design
Sample selection

Our initial sample included six rural communities, chosen in matched pairs by ethnic group. This

includes two Mamprusi communities from the West Mamprusi District of the North East Region,

two Builsa communities in the Builsa District of the Upper East Region, and two Konkomba com-

4These are informally called “wing schools” in Ghana. Interview with community elders in Mion District, 16 May
2019; interviews with community elders in Nanumba North District, 4-5 July 2019.
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munities in the Kpandai District of the Northern Region. All are ethnically homogenous. These

communities were chosen non-randomly to both (a) select typical rural villages in Northern Ghana

and (b) to examine the most similar possible sets of communities – within and across ethnic groups

– on basic demographic covariates. The community selection procedure is described in the Sup-

porting Information (pg. SI.2). Because of enumerator errors, we were not able to compile net-

work data for one Mamprusi community. It is dropped, leaving a final sample of five communi-

ties (pg. SI.3). On average, these communities had 725 residents across 89 households as of the

2010 census, with 95% of households engaged in farming. Demographic information is in the SI

(pg. SI.3).

Data collection occurred across two survey waves in July 2018. In the first, we interviewed the

household head (male or female, as applicable) of all households in each community. There were

431 households total, ranging from 73 in the smallest community (Builsa #2) to 97 in the largest

(Konkomba #1). In the second wave, we attempted to re-interview the 229 (53%) respondents who

had been randomly assigned to treatment (see below). Enumerators were instructed to wait at least

one full day after finishing baseline interviews before returning to conduct the second wave. We

successfully re-interviewed 215 (94%) treated respondents.

Network measurement

We use the first wave to map community social networks. We define each node as a household.5

Respondents were asked to complete a census of household residents, including full name, nick-

names, gender, and age. Respondents then completed four prompts in Table 1 representing dif-

ferent domains of social relationships for which respondents could nominate five people each,

derived from Eubank et al. (2019). The domains capture (1) ties to friends, (2) ties to individuals

from which household heads seek help, (3) ties to individuals with whom household heads most

5While interviewing every adult resident would produce even higher quality data (Larson and Lewis 2019), this
would have increased the survey size by nearly 4.5x, requiring a prohibitively large budget for endowments in the
game.
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frequently discuss politics, and (4) ties to family members (outside the immediate household).

Respondents could repeat names across domains. Because we are focused on intra-community

collective action, we restricted respondents to naming individuals currently living in the same

community, but outside their household.

Table 1: Name generator prompts

Domain Prompt

Friends Please name up to five persons who you consider to be your closest
friends in this community:

Problem Please name up to five persons in this community that you would contact first
solving if you had a household problem or emergency that needed to be resolved:

Political Please name up to five persons in this community with whom you regularly
conversation speak the most about politics:

Family ties Please name up to five other persons in this community to whom you
are closely related:

For our main analyses, we generate an undirected and “closed” network by matching names

from each set of reported ties to names in the household rosters. Throughout the paper we use

the union of the four network domains, though we also show that our results do not differ very

substantially across types of ties (pg. SI.7). Relying on both automated and manual matching,

we code two households as linked if either household head lists an adult member of the other

household for any of the four questions in Table 1. If a household head names a person who is not

listed on the roster of any other household, this link is dropped (i.e., a “closed” network). All links

between households are given equal weight, although we also report specifications that instead

weight ties by the sum of the four domains (pg. SI.8). Graphs for each of the five community

networks are in Figure 1.

Overall, we matched 62% of named alters to households in each community.6 For comparison,

this is a significantly better match rate than Larson and Lewis (2017), who report in their appendix
6This ranges from 78% matched in the two Konkomba communities to only 42% matched in the Mamprusi

community.
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Figure 1: Network diagrams of study communities.
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that only 15% of alters listed by their rural Ugandan respondents were matched, and is in the

same range as Ferrali et al. (2019), who report an approximately 70% match rate, also in Uganda.

Moreover, additional field work in October 2018 that attempted to locate the remaining unmatched

alters in the Mamprusi community indicated that many were rural-urban or seasonal migrants

living elsewhere in Ghana at the time of the experiment, or instead from nearby communities.

Because we seek to measure the social network of community members at the time of the study,

these unmatched alters fall outside the population of interest; it is appropriate to drop them from

the network. However, at least some unmatched alters could still be residents not matched due

to measurement error (e.g., inconsistencies in transliterating names). 7 But we have no reason

to believe that these matching errors are systematically worse than those in other recent studies

employing similar data.8

Experimental design

Our experiment occurs in the context of a standard public goods game. Respondents in the first

wave survey were randomly assigned with equal probability to treatment and control.9 Balance

statistics are in the SI (pg. SI.12). At the conclusion of the first interview, control respondents were

given 5 Ghana cedis (GHS), approximately $1.25 USD, in 1 GHS notes. They were informed they

could keep it or donate any integer increment towards a locally non-excludable public good to be

used by the community, such as the purchase of school materials or electrical poles. Any donation

was matched (doubled) by the research team.10 This interaction occurred in private. Participants

7We are less concerned that we systematically missed entire households, however, as the total number of house-
holds interviewed in each community very closely match pre-existing census data. Moreover, the follow-up interviews
did not indicate any households had been missed.

8In addition, we also introduce an alternative method of calculating networks that incorporates information lost
when dropping unmatched alters. We create weighted networks in which direct links have double the weight of indirect
links that pass through a shared unmatched alter. See pg. SI.10.

9We also separately randomly assigned an unrelated experimental condition that primed evaluations of land tenure
security. We evaluate this elsewhere, but control for an indicator for the second treatment in all analyses here.

10The prompt was (in translation): “We will be working with community members to fund a project that is in the
interest of the community. This could be any local project that the community needs. We are soliciting donations to
fund this project from community members like you. Anyone who donates will get to vote on who should be responsible
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were assured donations would be kept anonymous. The details of this activity were not previously

explained prior to this survey interview.

We also elicit two accompanying preferences after a donation is made: (1) the type of project

for which the participant preferred the money be used,11 and (2) which leader the participant

wanted to manage the accumulated funds among the chief/headman, pastor/imam of the largest

congregation, and assemblymember. Participants were also asked about their beliefs as to how

much other community members were likely to donate, and which leaders and projects they be-

lieved other community members would select. Participants were informed before donating that

the plurality leader chosen by donating players would receive the funds with information on the

project selected by a plurality of donors.12 The research team presented the accumulated donations

and information to these leaders in public events after the second wave survey.

For treated participants, enumerators still explained the activity, secured informed consent, and

gave the 5 GHS gift at the end of the first interview. But treated participants were informed that

the enumerator would return to collect any donations several days later.13 During this second

interaction, a brief interview was conducted and donations and project/leader votes were collected.

Treated participants were asked what had happened in the community in the interim and probed

again about their expectations of others’ behavior.

for leading the project and spending the money that we raise. Once we finish interviewing everyone in this community
we will present all of the funds that have been raised to the leader the community selects. We will also solicit feedback
from everyone who makes a donation about what the money we raise should be spent on. We will give this information
on your preferences to the leader that you collectively select... If you would like, you can keep the 5 Ghana Cedi we
have just given you. But we wanted to give you this opportunity to donate some of this money to help fund the activity.
If you make a donation, our team will add the exact same amount that you donate, up to 5 Ghana Cedi. This means
we will double your donation with our own contribution to the community project and will do so with all contributions
from the community.”

11This question was open-ended, and subsequently coded into categories such as “education”, “water”, and “elec-
tricity.”

12Participants chose the traditional chief in four communities. The first Konkomba community selected the assem-
blyman.

13On average, treated respondents were re-interviewed 33.9 hours after their initial interview.
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Ethics

We took several measures to ensure that the experiment was conducted as ethically as possible. We

obtained informed consent from community leaders and individual participation was voluntary. At

the end of the first interview, participants were asked if they would like to continue on to the public

goods activity, which was explained to them, and told that they would still receive their gift regard-

less of whether they agreed. Only one opted out. We used 5 GHS as an amount that would fairly

compensate for the interview time relative to local wages (the median interview was 20 minutes),

but also not coerce participation.14 It was not within our power to control what the selected leaders

did with the funds after we left each community. By providing a choice over leaders, we instead

allowed donors to select the leader they trusted most to use the funds appropriately. They could

also choose not to donate at all if they did not trust how the money would be spent.15 Finally,

all donations were collected in private to ensure that there could be no direct harm as a result of

respondents’ choices. This meant free-riding would not be observed or punished.

Pre-registered hypotheses

We pre-registered two sets of hypotheses. Our first three hypotheses (Table 2) focus on the ways

in which social networks may predict underlying behavior in the public goods game. Either view

of networks above should expect that more socially central individuals cooperate (donate) more

(H1), that individuals more socially proximate to the leaders expected to manage the public good

will cooperate more (H2), and that participants who are more proximate in the network behave

more similarly (H3).

Second, we have three experimental hypotheses about the effects of communication (Table 3).

Existing theory based on laboratory studies makes the strong prediction that communication should

14By our best back-of-the-envelope calculation, this is one quarter to one third of a median daily wage in rural
Northern Ghana.

15Participants were only told that donations would be turned over with information about donors’ preferences.
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Table 2: Pre-registered non-experimental hypotheses

H1 All else equal, participants who are more central in their community’s social network will
donate more.

H2 All else equal, participants who are more proximate in the community social network to the
community leader (i.e., chief, assembly member, or religious leader) that they believe most
other community members will pick to manage the public good will donate more.

H3a All else equal, participants who are more proximate to each other in the community social
network will behave more similarly in donation amount.

H3b All else equal, participants who are more proximate to each other in the community social
network are more likely to choose the same leader to manage the public good.

H3c All else equal, participants who are more proximate to each other in the community social
network are more likely to request the same project.

increase cooperation (donation amounts), even without monitoring and sanctioning (Ostrom et

al. 1992, Sally 1995, Ostrom 2000, Bochet et al. 2006, Vanberg 2008, Balliet 2010). However, we

initially pre-registered only the more modest hypothesis (H4) that communication would improve

coordination (clustering in behavior). We test both hypotheses below: that treatment causes an

increase in donations (higher amounts) or an increase in coordination (lower variance).

H5 and H6 are instead about interactions of treatment with pre-treatment network charac-

teristics to test for the presence of influence traveling through the social network. This includes

influence from participants on each other (H6), as well as the influence that community leaders

may wield over participants to whom they are more closely tied (H5).

Non-experimental analyses

Before investigating the effects of treatment, we document overall behavior across the combined

sample (H1-H3c) and then explore behavior in the control group only, where there were, by design,

no opportunities for active information transmission or social influence.

Descriptive results in the full sample

In the first set of analyses, we find support for H1, H3b, and H3c in the full sample, with some

social network features clearly correlated with behavior in the public goods activity. These results
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Table 3: Pre-registered experimental hypotheses

H4 The variance in donation amounts among participants assigned to wait before deciding
whether to donate is smaller than the variance among participants asked to donate
immediately.

H5a Participants who are assigned to wait before deciding whether to donate make larger
donations than respondents asked to donate immediately when participants are more
proximate in the social network to the modal community leader picked by other
participants in the community to manage the public good.

H5b Participants who are assigned to wait before deciding whether to donate are more
likely than respondents asked to donate immediately to choose the project preferred by
the modal community leader picked by other participants in the community to manage
the public good, especially when these participants are more proximate to that leader
in the community social network.

H6a Dyads of participants in the same community make more similar donation amounts to
each other when they are both assigned to wait before deciding whether to donate
than dyads assigned to other combinations of treatment conditions, especially when
these dyads are more proximate to each other in the social network.

H6b Dyads of participants in the same community are more likely to choose the same
leader to manage the public good when they are both assigned to wait before
deciding whether to donate than dyads assigned to other combinations of treatment
conditions, especially when these dyads are more proximate to each other in the social network.

H6c Dyads of participants in the same community are more likely to request the same
project when they are both assigned to wait before deciding whether to donate than
dyads assigned to other combinations of treatment conditions, especially when these
dyads are more proximate to each other in the social network.

are in Table 4.

We test H1 by estimating an OLS regression of donation amount on the eigenvector centrality

of each participant, controlling for an indicator of treatment status, as well as community fixed

effects and individual-level demographic controls.16 Eigenvector centrality captures a node’s rela-

tive influence – the degree to which each household has links to other households who also have

many links.17 In clear support ofH1, participants who are more network central make significantly

larger donations, while less central participants exhibit greater free-riding (p < 0.001). Substan-

tively, participants at the 90th percentile of eigenvector centrality donated 0.46 GHS more than

participants at the 10th percentile.

16The fixed effects ensure we only make relative comparisons among individuals within the same network – eigen-
vector centrality’s scale is network specific. The individual-level controls in all models are: age, household size,
participant’s number of children, whether the participant has a middle school education or greater, an assets index
(pg. SI.13), whether the participant regularly travels outside the community, and works in a skilled trade (as opposed
to farming). The results are also robust to foregoing controls (pg. SI.14).

17The SI (pg. SI.16) shows robustness to alternative measures of network centrality.

17



Table 4: Results for non-experimental hypotheses

Outcome Explanatory
variable variable β p 95% CI N

H1 Donation (0-5 GHS) Eigenvector centrality 2.82 <0.01 (1.27, 4.37) 402

H2 Donation (0-5 GHS)
Proximity (SNN) to leader 0.08 0.21 (-0.05, 0.21) 318

Proximity (MPD) to leader 0.07 0.24 (-0.05, 0.20) 319

H3a
Proximity (SNN) of dyad -0.01 0.80 (-0.05, 0.04) 16,162

Abs. value of diff. in
donations (0-5 GHS)

Proximity (MPD) of dyad 0.05 0.12 (-0.01, 0.12) 16,162

H3b
Proximity (SNN) of dyad 0.03 <0.01 (0.01, 0.05) 16,178

Same leader preference
in dyad (0,1)

Proximity (MPD) of dyad -0.03 <0.01 (-0.05, -0.01) 16,178

H3c
Proximity (SNN) of dyad 0.03 0.02 (0.00, 0.05) 15,965

Same project preference
in dyad (0,1)

Proximity (MPD) of dyad -0.01 0.23 (-0.04, 0.01) 15,965

OLS estimates, as described in the text. Standard errors adjusted for dyadic data for H3a-H3b (Aronow et al. 2015).

We instead find no support for H2, which we test by regressing donation amounts on par-

ticipants’ proximity to the community leader they expected to be selected. We measure network

proximity in two ways. First, we use a count of “shared nearest neighbors” (SNN), which is the

number of common households to which two nodes are directly linked. Second, we use “minimum

path distance” (MPD), defined as the shortest whole number of steps on the graph between nodes.

18 We include the same controls and fixed effects as for H1, and also now control for eigenvector

centrality.

For H3, the unit of analysis switches to all possible dyads of participants in each community.

For H3a, the outcome is the absolute value of the difference between the amount donated by each

participant in the pair, controlling for indicators for the joint treatment assignment of each pair,

the average values of the demographic controls within the pair, and community fixed effects. We
18The chief was not interviewed in the first Builsa community, so it is dropped forH2 (andH5 below). In addition,

if there is no path between a participant and the community leader (see Figure 1), we set the minimum path distance to
one link greater than the furthest minimum path distance to the leader among others in the community. Leaving path
distance as “NA” instead systematically drops the most distant participants.
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estimate separate OLS regressions with the two different measures of proximity: shared nearest

neighbors or minimum path distance. For H3b and H3c, the outcomes are instead binary indi-

cators for whether the pair chose the same leader or same project type, respectively.19 Because

participants appear in multiple dyads, we cluster standard errors as in Aronow et al. (2015).

While we find no support for H3a, more socially proximate participants are significantly more

likely to choose the same leader to manage the public good (H3b). Moreover, when proximity is

defined as shared nearest neighbors, we find that more proximate participants are also significantly

more likely to pick the same type of project (H3c). Overall, participants who are socially closer

have more similar preferences for how they would like community contributions to local public

goods to be managed and spent.

Behavior without communication

Crucially, we also show that these results hold among the control group only, when the opportunity

for any information or social influence to propagate among peers was limited. Control participants

played the public goods game immediately when it was first explained to them in the context of

a private interview, after being explicitly informed their donation would be anonymous.20 Table

5 repeats the estimates of H1, H3b, and H3c above, subsetting to the control group only. All

three results from Table 4 are present even without opportunities for communication, and H3c

now holds using either measure of proximity. More central control participants cooperate more,

and more proximate participants pick the same leader and project preferences.

Additional non-pre-registered analyses suggest that behavior in the control group instead re-

19These latter two outcomes are only asked of participants who donate to the public good. Outcomes in dyads in
which one or both respondents did not donate are coded as 0 (non-match) to avoid inappropriately conditioning on an
intermediate outcome (Coppock 2018).

20The only way influence could still have propagated among control participants is if the first respondents in a
community immediately and systematically sought out later respondents and explained the activity to them while the
enumerators were still working from house to house. This is unlikely. Interview order among control participants
is completely uncorrelated with both donation amounts and expectations of others’ behavior, inconsistent with later
respondents updating from interactions with earlier respondents (pg. SI.16).
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Table 5: Network locations and behavior: control group only

Outcome Explanatory
variable variable β p 95% CI N

H1 Donation (0-5 GHS) Eigenvector centrality 2.62 0.04 (0.14, 5.10) 195

H3b
Proximity (SNN) of dyad 0.03 0.04 (0.00, 0.06) 3,771

Same leader preference
in dyad (0,1)

Proximity (MPD) of dyad -0.04 0.05 (-0.07, 0.00) 3,771

H3c
Proximity (SNN) of dyad 0.05 <0.01 (0.02, 0.08) 3,690

Same project preference
in dyad (0,1)

Proximity (MPD) of dyad -0.05 0.01 (-0.09, -0.01) 3,690

All estimates calculated as in Table 4 above, subset to control participants only.

flects existing propensities to cooperate. Most participants in laboratories initially partially co-

operate in public goods games, donating approximately 40% to 60% of their endowments in the

first (or only) round (Ostrom 2000, Fischbacher and Gächter 2010). This is exactly what we find:

the mean donation in our control group was 2.13 GHS, 43% of the 5 GHS endowment; only one

control participant kept it all. Ostrom (2000) explains that this occurs because many players begin

by applying a behavioral rule of “conditional cooperation,” donating if they expect that others will

do so. Each control group participant donated 0.32 additional cedis (GHS) for each additional cedi

she expected others to donate (p < 0.001, 95% CI: 0.14, 0.50).21

Moreover, conditional cooperators are heavily concentrated near the center of each commu-

nity’s social network, but absent at the social periphery.22 Among control participants, an inter-

action between eigenvector centrality and what each participant expects others to donate predicts

donation amounts (p < 0.01, see pg. SI.18). Substantively, control participants with eigenvector

centrality above the community median donate 0.75 GHS more for each additional GHS they ex-

pect others to donate (p < 0.001, 95% CI: 0.46, 1.05). But the donations of control participants

with below-median centrality in each community are not correlated with expectations of what oth-

21This estimate is from an OLS regression among control participants of donation amount on the expected donation
amount of other players, with community fixed effects and individual-level controls.

22Control respondents’ priors on how much others would cooperate were mostly accurate, suggesting they could
reasonably apply a behavioral rule of conditional cooperation without actively communicating (pg. SI.18).

20



ers will donate (β = 0.12, p = 0.35, 95% CI: -0.14, 0.37). These results appear consistent with

the second view of networks above: that social networks may already be sorted by players’ likely

behaviors.

Experimental analyses: behavior with communication

Next, we examine our experimental hypotheses (H4-H6c) to test the effect of communication.

We find null results for each of H4-H6c, and also show that communication did not increase

cooperation (donation amounts).

Estimation approach

Our analysis is complicated by the fact that treated participants could – by design – influence each

other. This violates the SUTVA assumption of no interference (Rosenbaum 2007). Fortunately,

the most problematic interference for estimating treatment effects – spillover from treated to con-

trol units (Bowers et al. 2013) – was not possible; control participants donated when the activity

was first introduced to them, before interacting with treated participants. But dependency among

treated units who interact with each other during the waiting period means that conventional meth-

ods for calculating uncertainty (standard errors) will be inaccurate.

In Table 6, we estimate effects of the treatment and its interaction with pre-treatment covariates

using standard OLS regressions, while relying on a randomization inference approach to calculate

p-values for hypothesis testing in the absence of well-defined standard errors. Randomization

inference compares observed effect sizes against the simulated distribution of possible random

assignments under sharp null hypotheses of no effect (or no interacted effect) for any unit (Gerber

and Green 2012). This allows for valid hypothesis testing even in situations where conventional

standard errors are invalid due to complex potential dependencies and interference among units

(Rosenbaum 2007, Bowers et al. 2013).

P-values for the main treatment effect are calculated via randomization inference for the sharp
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null hypothesis of no effect for any unit, with the treatment effect estimated via OLS as the test

statistic. P-values for the interaction of treatment with pre-treatment moderators (network loca-

tions) are calculated via randomization inference for a sharp null hypothesis of a constant effect

for every unit at the overall treatment effect estimated via OLS without the interaction, and the co-

efficient on the interaction term as the test statistic. All models include the same control variables

as described above.

Based on their pre-existing network positions, treated participants vary in their probability

of exposure to other treated participants. We instead pre-registered an alternative approach for

estimating treatment effects, drawing on Aronow and Samii (2017). This separately estimates

(a) the combined direct and indirect effects of treatment among treated participants subject to

spillovers from treated alters from (b) the isolated direct effect of treatment for treated participants

who had no treated alters. By contrast, estimates from a simple OLS regression are an average

over these possible direct and indirect effects. However, only 5% of our sample received the

isolated direct exposure due to the relatively high network degree of most household heads in

these communities. This limits the usefulness of comparisons between the direct versus combined

effects facilitated by our pre-registered approach. In practice, both OLS and the more complex

pre-registered estimation procedure return substantively identical results. We default to OLS in the

main text for expositional simplicity. Our pre-registered estimates are in the SI (pg. SI.4).

Experimental results

In Table 6, we find that the opportunity for communication did not increase cooperation (dona-

tions), in contrast to laboratory literature (e.g., Ostrom et al. 1992, Bochet et al. 2006). Instead,

treated participants actually donated 0.23 GHS less than control participants (two-sided p = 0.02).

ForH4, we also do not find greater clustering (lower variance) in donations in the treatment condi-

tion (one-sided p = 0.48), indicating that donation amounts did not become any more coordinated
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Table 6: Results for experimental hypotheses

Outcome Explanatory
variable variable β p N

– Donation (0-5 GHS) Treatment status (0,1) -0.23 0.02a 402

H4 Variance in donation Treatment status (0,1) -0.01 0.48 402
amount (0-5 GHS)

H5a

Proximity (SNN) to leader -0.11 0.85 318

Donation (0-5 GHS)
* treatment status (0,1)

Proximity (MPD) to leader -0.09 0.24 319
* treatment status (0,1)

H5b

Proximity (SNN) to leader 0.03 0.23 335
Same project pref. * treatment status (0,1)

as leader (0,1) Proximity (MPD) to leader 0.02 0.71 335
* treatment status (0,1)

H6a

Proximity (SNN) of dyad 0.02 0.68 16,162
Abs. value of diff. in * treatment status (0,1)

donation (0-5 GHS) Proximity (MPD) of dyad -0.05 0.87 16,162
* treatment status (0,1)

H6b

Proximity (SNN) of dyad -0.00 0.51 16,178
Same leader pref. in * treatment status (0,1)

dyad (0,1) Proximity (MPD) of dyad -0.01 0.27 16,178
* treatment status (0,1)

H6c

Proximity (SNN) of dyad -0.01 0.63 15,965
Same proj. pref. in * treatment status (0,1)

dyad (0,1) Proximity (MPD) of dyad 0.01 0.74 15,965
* treatment status (0,1)

P-values calculated via randomization inference, as described in the text. a: The first test is a two-
sided p-value. All other tests are one-sided, given the directional predictions in the hypotheses.

when participants had an opportunity to interact.23 Substantively, the change in the variance of do-

nations in the treatment group (-0.01) represents less than 1% of the variance in the control group

(1.22).

H5a and H5b instead test whether community leaders used the waiting period to encourage

greater cooperation or push for their preferred projects. For H5a, Table 6 lists the coefficient on

the interaction between the treatment and the proximity of each participant to the leader picked

by the community. We provide separate estimates using each of the proximity measures. We find

23We test H4 non-parametrically as the difference in variances of the amount donated in the treatment and control
groups, with p-values calculated via randomization inference under the assumption of a sharp null hypothesis of no
effect for any unit. This null holds separately for each community (pg. SI.19).
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no evidence that treated participants donate more when they are closer to the leader. For H5b,

the outcome is now an indicator for choosing the same project (e.g., water) as the leader’s stated

preference. We again find no evidence that treated participants become more likely to vote for

the community leader’s preferred project when they are more socially proximate to the leader.

The estimated effect sizes are again substantively small. The largest coefficient on any of these

interaction terms (H5a with shared nearest neighbors) represents a shift of just 5% of the baseline

donation amount in the control group.

For H6a-H6c, the unit of analysis switches back to all dyads in each community. We are now

interested in the effect of both members of the pair being treated, and thus having an opportunity

to coordinate with each other, compared to other combinations in which at least one member of the

pair would have played before having any chance to communicate. The quantity of interest is now

the interaction between the indicator for both units being treated and the proximity of the pair. We

again report results using both proximity measures. The outcomes remain as for H3a-H3c.

For all three hypotheses we find no evidence – using either measure – that participants who

are more socially proximate become more likely to donate the same amount (H6a), vote for the

same leader (H6b), or vote for the same project (H6c) when they are both treated and have a direct

opportunity to coordinate. The substantive effect sizes remain small. Ultimately, even as social

network locations predict behavior in the control group, our experimental results are inconsistent

with communication among nodes increasing coordination or cooperation.

Exploratory analyses: what explains the null results?
Ruling out alternatives

In exploratory (non-pre-registered) analyses, we rule out two sets of alternative explanations. First,

although we cannot observe evolutionary sorting of network ties or explicitly measure personality

traits or norms, we can rule out more mundane mechanisms that could also explain why network

locations are already correlated with behavior in the control group. There could be concern, for
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example, that wealthier or better educated people cluster in the center of each network and can

simply afford to donate more. However, a wealth effect is unlikely as all estimates already control

for assets, education, and employment. We also show robustness to controlling for alternative mea-

sures of wealth (pg. SI.19). In addition, there could be concern that central participants rationally

donated more because they stand to benefit more from a local public good. But the SI demonstrates

in several ways that this is implausible (pg. SI.20).

Second, we rule out separate alternative explanations for the lack of expected treatment effects.

The treatment would have led to an overall decline in donations if treated participants consumed

some of the endowment while waiting. But the SI (pg. SI.21) provides strong reasons to doubt this

can account for our results. It is also possible treated participants donated less because they were

somehow influenced by the control group’s prior behavior. For example, treated participants may

have been less willing to contribute if they heard from their control alters that they either did not

donate, or had already donated a lot – raising prospects to be a “sucker” or free-rider, respectively.

But in column 1 of Table 7, we find no correlation between the donations of treated participants

and the mean donation of their direct control alters – those most likely to tell treated participants

how they had already behaved. Column 2 also finds no relationship between treated participants’

donations and those of control ties when control ties sent a clearer (lower variance) signal in their

own behavior. Columns 3 and 4 similarly show that treated participants did not update expectations

of how much others would donate based on their control ties’ behavior.

In addition, perhaps the amount of money at stake was so low that participants did not have

sufficient incentives to try to coordinate. But significant communication occurred: the majority

(55%) of treated participants reported speaking directly with members of other households about

how they should behave; 44% of treated participants reported that they spoke with “many” (as op-

posed to “a few” or no) other households. Of those who spoke to at least one other household, 67%

reported that they were encouraged to donate more. Only 6% reported that they were encouraged

to donate less. The stakes were still sufficiently high that treated participants were induced to talk
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Table 7: Donations of treated participants by donations of direct control group ties
1 2 3 4

Outcome: Donation Donation Expected donation Expected donation
amount (GHS) amount (GHS) by others (GHS) by others (GHS)

Average donation 0.13 0.13 0.07 0.07
(GHS) of control alters (0.09) (0.10) (0.09) (0.10)

Variance in donations −0.14 −0.14
(GHS) of control alters (0.34) (0.32)

Avg of control alters * variance 0.04 0.04
of control alters (0.11) (0.11)

Community fixed effects Y Y Y Y
Demographic controls Y Y Y Y
N 153 153 104 104
adj. R2 0.36 0.35 0.20 0.19
† significant at p < .10; ∗p < .05; ∗∗p < .01; ∗∗∗p < .001. Participants with no control alters are dropped. Participants who
“don’t know” how much others will donate are dropped in columns 3 and 4. All models are OLS.

with each other – often across multiple different interactions – and that many attempted to coor-

dinate on larger donations. This is less communication than in laboratory studies that explicitly

prompt players to communicate (e.g., Bochet et al. 2006). But it is still a substantial amount of

interaction, and a more realistic approximation of the possible effects of communication outside

the laboratory.24

Community leaders were relatively less active during the waiting period. Only 15% of treated

participants reported they spoke with the traditional chief about how they would behave; 10% and

6% reported similar conversations with the assembly member and religious leader, respectively.

But chiefs did still try to influence their closest ties, speaking more to treated participants to whom

they had a shorter path distance (pg. SI.22). Their message was to cooperate: 71% of treated

participants who spoke with the chief reported he pushed them to make larger donations; only one

reported the chief discouraged cooperation.

Yet it appears community members were unable to induce each other to cooperate. In Table 8

we examine associations between whether treated participants spoke with other households, or the

chief, and their behavior. Columns 1 and 2 show that having conversations with other community

members or the chief is not associated with amount donated. However, Columns 3 and 4 of Table
24Future research could valuably explore whether more communication would have occurred, or been more im-

pactful, if the waiting period was longer than our 1-2 days.
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Table 8: Game behavior by conversations during the waiting period, treated participants only
1 2 3 4

Outcome: Donation Deviation from Change in Selects modal
amount (GHS) median donation (GHS) project preference (0,1) project preference (0,1)

Spoke to other 0.041 0.041 0.039 0.145∗

households (0,1) (0.142) (0.142) (0.061) (0.071)
Spoke to −0.016 −0.016 0.176∗ 0.081

chief (0,1) (0.191) (0.191) (0.085) (0.096)
Comm. fixed effects Y Y Y Y
Demographic controls Y Y Y Y
N 207 207 193 198
adj. R2 0.330 0.113 0.053 0.077
† significant at p < .10; ∗p < .05; ∗∗p < .01; ∗∗∗p < .001. All models are OLS.

8 imply that some persuasion may still have occurred around choices of project type. In column 3,

having spoken to the chief is associated with being more likely to have changed project preferences

in the second interview from the first. Column 4 shows that speaking to other households predicts

being more likely to vote for the same project as the modal preference in the community. Indeed,

90% of the conversations treated participants held during the waiting period touched on which

project to choose. These conversations may thus have helped participants coordinate on which

project to support, even as they failed to coordinate on donation amounts.

A final means to show that communication was mostly non-impactful is to estimate the effect of

treatment on participants’ expectations of others’ behavior. We do not find statistically significant

effects of treatment on the accuracy of participants’ expectations of what others would donate,

the probability of a participant reporting they “don’t know” what others would donate, or the

overall amount participants expected others will donate (pg. SI.24).25 This rules out additional

alternative explanations for the results. For example, it is not the case that treated participants

donated marginally less overall because they had learned through communication that their peers

were likely to shirk or instead had gained a more accurate view of how much the community as a

whole was contributing.

25However, when instead using the pre-registered estimation procedure (pg. SI.4), there is a small positive effect of
treatment on reporting you “don’t know” how much others will donate at the p < 0.1 level, suggesting communication
might have complicated, rather than clarified participants’ expectations. This is the only result not robust to the choice
of estimation procedure.
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Behavior already encoded in networks?

Instead, communication may have mostly failed to update participants’ behavior and expectations

because it could not displace more deeply-engrained, pre-existing behaviors already encoded in

network positions. With the exception of preferences about which project to pick (H3c) – the

single outcome for which Table 8 suggests that communication may have facilitated coordination

– each of the results in Table 5 for the control group also carried over to the treatment group.

Table 9 repeats Table 5, subset to the treatment group instead. More central treated partici-

pants still donated more (H1), just as when there was no communication. The coefficient on an

interaction between eigenvector centrality and treatment is small and insignificant (pg. SI.23). Par-

ticipants who were more proximate to each other were also still more likely to choose the same

leaders to manage the donations (H3b). The magnitudes of these relationships are virtually identi-

cal to in the control group (Table 5). Similarly, evidence of conditional cooperation is still present

among treated participants (pg. SI.23).

Table 9: Network locations and behavior: treated group only

Outcome Explanatory
variable variable β p 95% CI N

H1 Donation (0-5 GHS) Eigenvector centrality 2.81 0.004 (0.891, 4.728) 207

H3b
Proximity (SNN) of dyad 0.03 0.05 (0.00, 0.05) 4,257

Same leader preference
in dyad (0,1)

Proximity (MPD) of dyad -0.03 0.05 (-0.06, 0.00) 4,257

H3c
Proximity (SNN) of dyad 0.01 0.49 (-0.02, 0.04) 4,227

Same project preference
in dyad (0,1)

Proximity (MPD) of dyad 0.02 0.25 (-0.01, 0.04) 4,227

All estimates calculated as in Table 4 above, subset to treated participants only.

This is not definitive evidence that network locations are already sorted by or encode players’

types, traits, or cooperative norms. To observe this more systematically, we would need to be able

track the dynamic sorting of network ties over time, examining the process by which different

behaviors become associated with different network positions. This is not possible in a single-shot

28



study such as ours. However, these patterns are more consistent with this category of expectations

than any of the alternatives examined here.

Conclusion

Scholars increasingly collect social network data in developing countries under the assumption that

the social relationships in which individuals are enmeshed are influencing their behavior (Larson

and Lewis 2017, Ferrali et al. 2018). Indeed, social relationships among community members, and

between community members and their leaders, are central to many theories of cooperative local

public goods provision in the developing world (Habyarimana et al. 2007, Baldwin 2015). But

when we observe that social positioning of community members explains their behavior, there is

cause for significant caution before assuming this is a result of active influence that passes among

social ties.

We show that social centrality predicts cooperation in the co-production of a local public good

and find that strategies of “conditional cooperation” commonly observed in the laboratory extend

to the field, especially among the most central individuals within local social networks. But these

results exist even absent opportunities for active social influence from peers or leaders. We do not

dispute that the transmission of information through social network ties still may improve coop-

eration in other situations, especially those with real opportunities for sanctioning. Yet we show

that a reasonably high amount of cooperation is already possible even without any active social

influence at all, with social network locations already closely mapping to cooperative behavior.

Our experiment suggests several promising avenues for future research. First, we discuss, but

cannot directly test, several mechanisms for why real-life network locations are correlated with

cooperative behavior absent active social influence: sorting on cooperative types or traits, sorting

on previously internalized norms, or that pre-existing network locations cause players to internalize

different behavioral rules and expectations. By better examining the dynamic processes through

which real networks form, future work can valuably explore how cooperation and other political
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behaviors become embedded in social structures.

Second, while the two views of networks described above are not mutually exclusive outside

the context of our experiment, all three proposed mechanisms suggest that our alternative view of

networks as maps of behavior will be comparatively more important in real-world networks that

have already evolved over many prior rounds of interaction. The marginal effect of additional

social influence in a particular cooperative situation may be smaller when the actors have a long

history of interaction than when interacting for the first time. Yet many of our core theories of

cooperation are still primarily evaluated through laboratory or lab-in-the-field studies, in which

the participants are usually strangers or anonymous to each other. Understanding the complemen-

tarities between these theories of networks requires continuing to shift towards the study of real

cooperation in real communities with fully-evolved social networks.
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A Community selection procedure (pg. 10)
We worked in six communities, a pair of two each from ethnic groups that each represent one of
three different histories of traditional leadership in Northern Ghana (Nathan 2019).1 Communities
were chosen non-randomly to both (a) select typical rural villages in Northern Ghana and (b) to
examine the most similar possible sets of communities – both within and across ethnic groups – on
covariates that we expect affect community social networks separately from traditional leadership
institutions. These community-level covariates are measured with geo-referenced enumeration
area-level data from the 2010 Ghana census.

Community selection occurred in several stages. We began with a set of 3,588 census enumer-
ation areas covering all of rural Northern Ghana. Given constraints on feasible travel distances,
we dropped six extremely remote districts. We also restricted to enumeration areas that were eth-
nically homogenous and dominated by a single ethnic group (≥ 75% from one group). Most rural
villages in Northern Ghana are homogenous (82% of all enumeration areas are above this cutoff).
We also restricted the sample by community size (80 to 120 households) and area (15 sq km or
less) to focus on rural villages of comparable and modal size.

Within this restricted sample, we use nearest-neighbor Mahalanobis distance matching (with
replacement) to select the triplet of communities – one community each with each type of chief-
taincy history – that is most similar on a set of covariates. The covariates account for community
size, the level of development, major economic activities (e.g., farming vs. trading), ethnic group
social structure, and remoteness, all of which could affect community network structures.2 We
first matched the “invented chiefs” communities to the “always chief” communities, defining an
indicator of being dominated by an “invented chief” group as the treatment. We then matched
the “never recognized” communities to the “always chief” communities, with “never recognized”
communities as treated. We then identified all triplets of the two sets of resulting matched pairs
that share a common matched “always chief” community and selected the triplet with the smallest
maximum Mahalanobis distance between its two component pairs. Next, we selected the remain-
ing 3 communities by finding the best matches within the same ethnic groups for each selected
community. This allowed us to hold the selected ethnic groups fixed within chieftaincy type.

Our final selection stage held the spatial compactness of communities fixed, which we assume
may also affect the structure of community social networks. Using geo-referenced satellite im-
agery, we confirmed that all selected communities are spatially compact villages, with all houses
in a tight cluster near each other, rather than scattered family homesteads on isolated farms. To
ensure balance on this final covariate, we dropped the best match on the other covariates within
ethnic groups in two cases and instead select the second-best match, sacrificing marginal balance

1These are communities with pre-colonially-rooted chieftaincy, communities with chieftaincy imposed in the
colonial period, and communities left without formal chieftaincy into the modern period. Variation across histories of
chieftaincy is not analyzed in the present paper because of the limited community-level sample size.

2They are: population size, number of households, proportion from the community’s majority ethnic group, pro-
portion with access to electricity, proportion with formal or public sector employment, proportion with access to clean
drinking water, proportion with english literacy, proportion in homes with formal roofing, proportion in homes owning
livestock, whether the ethnic group has patrilineal or duo-lineal inheritance (which may affect family social structures),
and the distance (km) to the nearest major town.
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on the other covariates to ensure balance on spatial compactness.

B Reasons for dropping the 6th community (pg. 10)
Our face-to-face survey interviews were conducted by enumerators entering data via the ODK
Collect platform on Android devices. After the first wave (baseline) survey in the second Mamprusi
community, one of the enumerators (in a team of 3) mistakenly overwrote all of his completed
interview data before being able to reach an area with the mobile data coverage needed to upload
it to our server. Because of the continually poor mobile phone connectivity in this remote area,
we did not discover this error had occurred until after the experiment had significantly unfolded.
It was no longer possible at that point for logistical reasons to re-interview the missing subjects or
re-run the experiment. Unfortunately, with one third of households (nodes) now missing, it was
also no longer possible to produce accurate social network statistics (e.g., eigenvector centrality)
among the remaining respondents. The accumulated donations were still given to the community
leader as designed, but this community is dropped in all analyses.

C Demographic characteristics of selected communities (pg. 10)
Table OA.1 provides demographic information from the 2010 Ghana census for the set of six
selected communities, broken out for the average value for each ethnic group.

Table OA.1: Balance across ethnic groups

Group Builsa Konkomba Mamprusi

Total population 485 785 1090
No. of households 85 85 105
Adult literacy (%) 0.240 0.180 0.086
Electricity (%) 0 0 0
Formal housing (%) 0.246 0.736 0.164
Formal employment (%) 0 0 0
Household engaged in farming (%) 1.000 1.000 0.973
Household owns livestock (%) 1.000 0.807 0.864
Distance to district capital (km) 36.9 58.9 46.2
Patrilineal inheritance (vs. duo-lineal) 0 1 0
N 2 2 2
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D Pre-registered experimental analysis (pg. 22)
Our pre-analysis plan pre-registered a more complex estimation procedure instead of OLS regres-
sions. Because treated participants could, by design, interact with each other before making dona-
tions, the overall effect of treatment is a combination of the direct effect on each treated participant
and the indirect effect through possible spillovers from the actions of other treated participants. De-
spite the random assignment of treatment, the probability treated participants are subject to these
spillovers is endogenous to network location: more socially-connected treated participants (i.e., of
higher degree) are more likely to have had an alter also assigned to treatment, and thus to interact
with other treated participants. Because we are explicitly interested in the effect of allowing for
communication among treated participants, our substantive quantity of interest is the combined
direct and indirect effect, not the isolated direct effect among respondents not subject to spillovers.

Our pre-analysis plan proposes examining this combined direct and indirect effect by following
the approach in Aronow and Samii (2017) for estimating effects in network experiments with
interference. We test H5 and H6 after defining an “exposure mapping” of treatment assigned
to treatment received. Participants are classified into three exposure conditions based on their
randomly assigned treatment and their existing network location:

• “Direct and indirect treated” (Ti(1, 1)): units assigned to treatment that also have at least one
direct link assigned to treatment

• “Isolated treated” (Ti(1, 0)): units themselves assigned to treatment, but without direct links
assigned to treatment

• “Pure control” (Ti(0)): units assigned to control3

where Ti(1, 1) indicates that participant i was assigned to treatment Ti(1) and has at least one
directly linked alter, j, assigned to treatment Tj(1).4 Our main effect of substantive interest is
the comparison of Ti(1, 1) vs. Ti(0) – that is, the combined average direct and indirect (spillover)
effects of treatment relative to the pure control condition.5

We estimate this effect and its interactions with pre-treatment moderators using Weighted Least
Squares, weighting by the inverse probability that each participant was assigned to Ti(1, 1) and
controlling for each participants’ network degree to adjust for non-random, pre-treatment differ-
ences in participants’ probability of being subject to indirect effects via treated alters (Aronow and
Samii 2017).6 All models also control for an indicator for the Ti(1, 0) condition and include the
same demographic controls and fixed effects as described for the main text.

3Because control participants could not interact with treated participants, we can collapse Ti(0, 0) and Ti(0, 1)
into a single condition, Ti(0).

4After random assignment 45.9% of households were assigned to control (Ti(0)), while approximately 5.1% of
treatment households were assigned to the Ti(1, 0) exposure and 48.8% to the Ti(1, 1) exposure.

5Other definitions of the exposure conditions would be possible, such as comparisons of Ti(1, 2) (treated par-
ticipants with two treated alters) vs. Ti(1, 1) (treated participants with one treated alter). But we forego these more
complex analyses due to our limited sample size.

6This “exposure probability” of each household is calculated via simulation by re-randomizing treatment assign-
ment 10,000 times and re-calculating each participant’s exposure condition based on their position in the observed
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Table OA.2: Results for experimental hypotheses

Outcome Explanatory
variable variable β p N

– Donation (0-5 GHS) Treatment status T(1,1) -0.23 0.03a 391

H4 Variance in donation Treatment status T(1,1) -0.01 0.48 402
amount (0-5 GHS)

H5a

Proximity (SNN) to leader -0.13 0.90 310

Donation (0-5 GHS)
* treatment status T(1,1)
Proximity (MPD) to leader 0.03 0.61 311
* treatment status T(1,1)

H5b

Proximity (SNN) to leader 0.03 0.23 326
Same project preference * treatment status T(1,1)
as leader (0,1) Proximity (MPD) to leader 0.01 0.73 326

* treatment status T(1,1)

H6a

Proximity (SNN) of dyad -0.006 0.29 15,333
Abs. value of diff. in * treatment status T(1,1)
donation (0-5 GHS) Proximity (MPD) of dyad 0.02 0.29 15,333

* treatment status T(1,1)

H6b

Proximity (SNN) of dyad 0.003 0.40 15,346
Same leader preference * treatment status T(1,1)
in dyad (0,1) Proximity (MPD) of dyad -0.02 0.49 15,346

* treatment status T(1,1)

H6c

Proximity (SNN) of dyad 0.01 0.38 15,154
Same proj. preference * treatment status T(1,1)
in dyad (0,1) Proximity (MPD) of dyad -0.01 0.51 15,154

* treatment status T(1,1)
SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively.
P-values calculated via randomization inference, as described in the text. a: The first test is for a
two-sided p-value vs. a null hypothesis of no effect. All other tests are one-sided, given the directional
predictions in the hypotheses.

Because units are not independent, conventional methods for calculating uncertainty will also
be biased. As in the main text, we adopt a randomization inference (Fisherian) approach. P-
values for the main effect of treatment are calculated via randomization inference for the sharp
null hypothesis of no effect for any unit, with the treatment effect estimated via WLS as the test
statistic. P-values for the interaction of treatment with pre-treatment moderators (network location)
are calculated via randomization inference for a sharp null hypothesis of a constant effect at the
overall treatment effect estimated via WLS (without the interaction), and the coefficient on the
interaction term as the test statistic. Results for this alternative procedure are in Table OA.2. They
are substantively identical to the results in the main text.

We are less interested in the effect of treatment among treated participants without treated alters
( Ti(1, 0) vs. Ti(0)), as it would not test the possible effects of communication, just of waiting to
donate. But in Table OA.3 we repeat these analyses for the isolated direct effect of treatment for

network. On average, participants had a 50% probability of assignment to Ti(0), a 44% probability of assignment to
Ti(1, 1), and a 6% probability of assignment to Ti(1, 0).
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the Ti(1, 0) exposure condition. This is the effect of treatment among treated participants who were
not linked the network to any other treated participants. The null results for H5 and H6 remain as
before. Importantly, there is no longer a direct effect of treatment on donation amounts, however.
This suggests that the negative effect estimated in Table OA.2 and Table 6 emerged through the
interaction of treated participants with each other.

Table OA.3: Results for experimental hypotheses with Ti(1, 0) as treatment condition

Outcome Explanatory
variable variable β p

– Donation (0-5 GHS) Treatment status T(1,0) 0.37 0.59a

H5a Donation (0-5 GHS)

Proximity (SNN) to leader 0.47 0.14
* treatment status T(1,0)
Proximity (MPD) to leader -0.30 0.10
* treatment status T(1,0)

H5b

Proximity (SNN) to leader -0.02 0.37
Same project preference * treatment status T(1,0)
as leader (0,1) Proximity (MPD) to leader 0.13 0.40

* treatment status T(1,0)

H6a

Proximity (SNN) of dyad 0.20 0.70
Abs. value of diff. in * treatment status T(1,0)
donation (0-5) Proximity (MPD) of dyad -0.03 0.55

* treatment status T(1,0)

H6b

Proximity (SNN) of dyad -0.01 0.54
Same leader preference * treatment status T(1,0)
in dyad (0,1) Proximity (MPD) of dyad -0.01 0.30

* treatment status T(1,0)

H6c

Proximity (SNN) of dyad -0.65 1.00
Same project preference * treatment status T(1,0)
in dyad (0,1) Proximity (MPD) of dyad 0.00 0.52

* treatment status T(1,0)
SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively.
P-values calculated via randomization inference, as described in the text. a: The first test is for
a two-sided p-value vs. a null hypothesis of no effect. All other tests are one-sided, given the
directional predictions in the hypotheses.
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E Separate estimates for each type of tie (pg. 11)
Tables OA.4 and OA.5 report results for our pre-registered hypotheses7 when re-running the cor-
responding specifications for each type of tie (e.g., friendship, relative, etc.), rather than for the
union across all four types of ties. Our results are substantively similar for most hypotheses when
examining each type of tie separately.

To maintain consistency with the main text, we report estimates for H5 and H6 using OLS
with p-values via randomization inference. These results are also substantively identical for these
analyses under the pre-registered estimation procedure (see page SI.4).

Table OA.4: H1-H3 re-estimated by network domain

Proximity Full Help Politics Relatives Friends
measure β p β p β p β p β p

H1 – 2.82 <0.001 0.40 0.52 0.67 0.21 2.06 <0.001 0.12 0.85

H2
SNN 0.08 0.21 0.08 0.60 -0.23 0.20 0.12 0.15 -0.23 0.14
MPD 0.07 0.24 -0.02 0.53 0.03 0.28 -0.04 0.34 0.03 0.48

H3a
SNN -0.01 0.80 -0.01 0.75 0.00 0.98 -0.01 0.65 0.00 0.91
MPD 0.05 0.12 0.02 0.13 0.01 0.32 0.001 0.95 -0.004 0.70

H3b
SNN 0.03 <0.01 0.05 <0.001 0.04 0.01 0.03 0.03 0.04 <0.01
MPD -0.03 <0.01 -0.01 0.03 -0.01 <0.001 -0.01 0.24 -0.02 <0.001

H3c
SNN 0.03 0.02 0.05 <0.01 0.05 0.03 0.05 0.01 0.01 0.43
MPD -0.01 0.23 -0.01 0.26 -0.0045 0.17 0.00 0.44 0.00 0.90

SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively. P-values calculated via
randomization inference, as described in the text. Hypotheses and specifications mirror that of our main analysis.

Table OA.5: H5-H6 re-estimated by network domain

Proximity Full Help Politics Relatives Friends
measure β p β p β p β p β p

H5a
SNN -0.11 0.85 -0.24 0.80 0.41 0.06 -0.16 0.87 0.36 0.10
MPD -0.09 0.24 -0.01 0.44 -0.05 0.12 0.19 0.99 -0.05 0.13

H5b
SNN 0.03 0.23 0.03 0.41 -0.04 0.68 0.04 0.19 0.05 0.33
MPD 0.02 0.71 0.01 0.78 0.00 0.56 0.01 0.62 0.01 0.74

H6a
SNN 0.02 0.68 0.09 0.95 0.05 0.72 -0.01 0.43 0.02 0.68
MPD -0.05 0.87 -0.02 0.95 0.00 0.38 0.00 0.56 -0.01 0.71

H6b
SNN -0.00 0.51 0.00 0.50 -0.02 0.71 0.02 0.21 0.02 0.15
MPD -0.01 0.27 -0.01 0.16 0.00 0.77 -0.01 0.08 -0.02 0.02

H6c
SNN -0.01 0.63 -0.03 0.81 -0.04 0.85 0.02 0.26 -0.01 0.68
MPD 0.01 0.74 -0.00 0.37 0.01 0.99 -0.00 0.29 -0.01 0.13

SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively. P-values
calculated via randomization inference, as described in the text. Hypotheses and specifications mirror that of
our main analysis.

7This does not include H4, which does not depend on network measures.
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F Main results using the total sum of ties (pg. 11)
In our main analyses, we consider two households equally connected if either named the other in
one or more of the four “name generator” prompts. In this section, we instead present results using
a network weighted by the total number of connections between nodes. The weights are calculated
by summing the number of domains in which each edge appears.8

To maintain consistency with the main text, we report estimates for Table OA.7 (H5,H6) using
OLS with p-values via randomization inference. These results are also substantively identical for
these analyses using the pre-registered estimation procedure instead (see page SI.4).

Table OA.6: Results for non-experimental hypotheses with networks weighted by edge frequency

Outcome Explanatory
variable variable β p 95% CI

H1 Donation (0-5 GHS)
Betweenness Centrality 0.001 <0.01 ( 0.000, 0.002)
Degree Centrality 0.07 <0.01 (0.035, 0.096)

H2 Donation (0-5 GHS)
Proximity (SNN) to leader 0.006 0.98 (-0.58, 0.59)
Proximity (MPD) to leader 0.04 0.43 (-0.06, 0.14)

H3a
Abs. value of diff. in Proximity (SNN) of dyad -0.01 0.80 (-0.05, 0.04)
donations (0-5 GHS) Proximity (MPD) of dyad -0.001 0.96 (-0.05, 0.05)

H3b
Same leader preference Proximity (SNN) of dyad 0.03 <0.01 (0.01, 0.05)
in dyad (0,1) Proximity (MPD) of dyad -0.05 <0.001 (-0.08, 0.02)

H3c
Same proj. preference Proximity (SNN) of dyad 0.03 <0.10 0.003, 0.046)
in dyad (0,1) Proximity (MPD) of dyad -0.01 0.38 (-0.04, 0.02)

8Note that we use both degree and betweenness centrality (where applicable) instead of eigenvector centrality
because the tnet package in R used to work with weighted networks does not have a method for calculating eigen-
vector centrality. Pg. SI.16 shows that these alternative measures of centrality are highly correlated and effectively
interchangeable with eigenvector centrality in our application.
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Table OA.7: Results for experimental hypotheses with networks weighted by edge frequency

Outcome Explanatory
variable variable β p

– Donation (0-5 GHS) Treatment status (0,1) -0.23 0.02a

H5a

Proximity (SNN) to leader -0.10 0.83

Donation (0-5 GHS)
* treatment status (0,1)

Proximity (MPD) to leader -0.19 0.04
* treatment status (0,1)

H5b

Proximity (SNN) to leader 0.03 0.23
Same project pref. * treatment status (0,1)

as leader (0,1) Proximity (MPD) to leader 0.01 0.62
* treatment status (0,1)

H6a

Proximity (SNN) of dyad 0.02 0.70
Abs. value of diff. in * treatment status (0,1)

donation (0-5 GHS) Proximity (MPD) of dyad -0.06 0.93
* treatment status (0,1)

H6b

Proximity (SNN) of dyad 0.00 0.47
Same leader pref. in * treatment status (0,1)

dyad (0,1) Proximity (MPD) of dyad -0.01 0.16
* treatment status (0,1)

H6c

Proximity (SNN) of dyad -0.01 0.68
Same proj. pref. in * treatment status (0,1)

dyad (0,1) Proximity (MPD) of dyad 0.01 0.67
* treatment status (0,1)

SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively.
P-values calculated via randomization inference, as described in the text. a: The first test is for a
two-sided p-value vs. a null hypothesis of no effect. All other tests are one-sided, given the directional
predictions in the hypotheses.
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G Incorporating unmatched alters (pg. 13)
We also present alternative estimates using alternative measures of the social networks that incor-
porate information lost by dropping alters that were not matched back to an interviewed house-
hold. In the “closed” networks commonly used in the literature, information about unmatched,
uninterviewed alters is simply dropped; all nodes in the network are interviewed respondents. But
when two households name the same uninterviewed alter, this indicates the presence of an indirect,
second-order connection between those households traveling through that unmatched alter that is
being ignored in our main specifications. In our alternative specification, we include second-order
ties between households via unmatched alters by using a weighted network. Direct ties between
households have double the weight of indirect ties via unmatched alters.

Table OA.8 and Table OA.9 present our main results with the new measures of centrality and
distance from the weighted network incorporating indirect ties.9 Our results are generally robust
to including these unmatched ties.

To maintain consistency with the main text, we report estimates for Table OA.9 (H5,H6) using
OLS with p-values via randomization inference. These results are also substantively identical for
these analyses when instead using the pre-registered estimation procedure (see page SI.4).

Table OA.8: Results for non-experimental hypotheses including unmatched alters

Outcome Explanatory
variable variable β p 95% CI

H1 Donation (0-5 GHS) Eigenvector centrality 0.05 <0.001 (0.02, 0.08)

H2 Donation (0-5 GHS)
Proximity (SNN) to leader 0.09 0.09 (-0.02, 0.20)

Proximity (MPD) to leader 0.004 0.95 (-0.13, 0.14)

H3a
Proximity (SNN) of dyad -0.01 0.70 (-0.05, 0.04)

Abs. value of diff. in
donations (0-5 GHS)

Proximity (MPD) of dyad 0.01 0.77 (-0.04, 0.06)

H3b
Proximity (SNN) of dyad 0.03 <0.01 (0.01, 0.05)

Same leader preference
in dyad (0,1)

Proximity (MPD) of dyad -0.07 <0.001 (-0.10, -0.04)

H3c
Proximity (SNN) of dyad 0.03 0.02 (0.00, 0.05)

Same project preference
in dyad (0,1)

Proximity (MPD) of dyad -0.02 0.13 (-0.05, 0.01)

SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively. Estimates from OLS
regressions, as described in the text. P-values and confidence intervals calculated from standard errors adjusted for dyadic
data for H3a-H3b, following Aronow et al. (2015).

9Whereas H1 is tested using eigenvector centrality in the paper, available packages in R do not calculate eigen-
vector centrality over weighted networks. This forces us to use degree centrality instead in these estimates.
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Table OA.9: Results for experimental hypotheses including unmatched alters

Outcome Explanatory
variable variable β p

– Donation (0-5 GHS) Treatment status (0,1) -0.24 0.02a

H5a

Proximity (SNN) to leader -0.11 0.84

Donation (0-5 GHS)
* treatment status (0,1)

Proximity (MPD) to leader 0.02 0.54
* treatment status (0,1)

H5b

Proximity (SNN) to leader 0.03 0.24
Same project pref. * treatment status (0,1)

as leader (0,1) Proximity (MPD) to leader 0.03 0.74
* treatment status (0,1)

H6a

Proximity (SNN) of dyad 0.02 0.68
Abs. value of diff. in * treatment status (0,1)

donation (0-5 GHS) Proximity (MPD) of dyad -0.02 0.64
* treatment status (0,1)

H6b

Proximity (SNN) of dyad -0.00 0.52
Same leader pref. in * treatment status (0,1)

dyad (0,1) Proximity (MPD) of dyad 0.00 0.57
* treatment status (0,1)

H6c

Proximity (SNN) of dyad -0.01 0.70
Same proj. pref. in * treatment status (0,1)

dyad (0,1) Proximity (MPD) of dyad 0.03 0.88
* treatment status (0,1)

SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively.
P-values calculated via randomization inference, as described in the text. a: The first test is for a
two-sided p-value vs. a null hypothesis of no effect. All other tests are one-sided, given the directional
predictions in the hypotheses.
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H Balance by treatment condition (pg. 13)
All of our OLS specifications in the main text include a set of household-level controls found in the
left-hand column of Table OA.10. Table OA.10 presents the p-value for the difference-in-means
between the treatment and control groups for each of these covariates.

Table OA.10: Covariate balance by treatment status

Group Donate immediately Donate w/ delay p
(Control) (Treatment)

Eigenvector centrality 0.08 0.08 0.90
HH head age 43.88 43.53 0.82
Number of adults in HH 3.33 3.45 0.53
Number of children in HH 4.35 4.40 0.88
HH head attended Junior Sec School (%) 0.10 0.15 0.12

or above
HH head regularly travels (%) 33.90 27.95 0.19

from community
Assets index 3.11 3.20 0.53

(out of 9)
HH head employed in skilled trade (%) 0.03 0.05 0.26
HH head gender 0.20 0.19 0.83

(% Female)
N 202 236
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I Assets index (pg. 17)
The assets index used as a covariate throughout the paper consists of the sum of nine common
items. Respondents were asked whether they had (1) livestock, (2) electricity, (3) a radio, (4)
a bicycle, (5) a motorcycle, (6) a gas stove, (7) a “yam phone” (basic mobile phone), and (8) a
smartphone. Last, enumerators observed whether a respondent’s (9) home walls were made of
concrete (rather than mud). Figure OA.2 shows the distribution of the this index in the survey
sample.
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Figure OA.2: Histogram of assets index for all respondents (households).
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J Main results without controls (pg. 17)
Tables OA.11 and OA.12 report the main results without controls for H1-H3c and H5a-H6c
respectively. The results are generally consistent with our main specification. The most notable
deviation in Table OA.11 is for H3c when using the “shared nearest neighbors” measure, which
is now no longer significant at conventional levels. In Table OA.12 we show that all null results
stand. These controls, which we show are balanced across treatment and control groups in Table
OA.10, allow us to reduce the standard errors and improve the precision of the estimates reported
in the paper.

To maintain consistency with the main text, we report estimates for Table OA.12 (H5, H6)
using OLS with p-values via randomization inference. These results are also substantively identical
for these analyses using the pre-registered estimation procedure instead (see page SI.4).

Table OA.11: Results for non-experimental hypotheses without controls

Outcome Explanatory
variable variable β p 95% CI

H1 Donation (0-5 GHS) Eigenvector centrality 2.98 <0.001 (1.48, 4.48)

H2 Donation (0-5 GHS)
Proximity (SNN) to leader 0.09 0.14 (-0.03, 0.22)

Proximity (MPD) to leader 0.06 0.33 (-0.06, 0.19)

H3a
Proximity (SNN) of dyad 0.00 0.91 (-0.05, 0.04)

Abs. value of diff. in
donations (0-5 GHS)

Proximity (MPD) of dyad 0.05 0.12 (-0.01, 0.12)

H3b
Proximity (SNN) of dyad 0.02 0.02 (0.00, 0.04)

Same leader preference
in dyad (0,1)

Proximity (MPD) of dyad -0.03 0.02 (-0.05, 0.00)

H3c
Proximity (SNN) of dyad 0.02 0.17 (-0.01, 0.04)

Same project preference
in dyad (0,1)

Proximity (MPD) of dyad -0.01 0.38 (-0.03, 0.01)

SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively. Estimates from OLS
regressions, as described in the text. P-values and confidence intervals calculated from standard errors adjusted for dyadic
data for H3a-H3b, following Aronow et al. (2015).
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Table OA.12: Results for experimental hypotheses without controls

Outcome Explanatory
variable variable β p

– Donation (0-5 GHS) Treatment status (0,1) -0.20 0.05a

H5a

Proximity (SNN) to leader -0.12 0.87

Donation (0-5 GHS)
* treatment status (0,1)

Proximity (MPD) to leader -0.10 0.23
* treatment status (0,1)

H5b

Proximity (SNN) to leader 0.03 0.26
Same project pref. * treatment status (0,1)

as leader (0,1) Proximity (MPD) to leader 0.04 0.83
* treatment status (0,1)

H6a

Proximity (SNN) of dyad 0.01 0.64
Abs. value of diff. in * treatment status (0,1)

donation (0-5 GHS) Proximity (MPD) of dyad -0.05 0.84
* treatment status (0,1)

H6b

Proximity (SNN) of dyad -0.00 0.52
Same leader pref. in * treatment status (0,1)

dyad (0,1) Proximity (MPD) of dyad -0.01 0.27
* treatment status (0,1)

H6c

Proximity (SNN) of dyad -0.00 0.61
Same proj. pref. in * treatment status (0,1)

dyad (0,1) Proximity (MPD) of dyad 0.01 0.76
* treatment status (0,1)

SNN and MPD refer to “Shared Nearest Neighbors” and “Minimum Path Distance,” respectively.
P-values calculated via randomization inference, as described in the text. a: The first test is for a
two-sided p-value vs. a null hypothesis of no effect. All other tests are one-sided, given the directional
predictions in the hypotheses.
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K Robustness to alternative centrality measures (pg. 17)
Table OA.13 presents alternative specifications using either degree or betweenness centrality as an
alternative measure to eigenvector centrality. Our Pre-Analysis Plan specified eigenvector central-
ity as our preferred measure, so that is why we prioritize the eigenvector centrality results in the
main text. The results for H1 and H2 are unchanged, with the exception of the estimate for H2
using the shared nearest neighbors measure of proximity and betweenness centrality.

Table OA.13: Results for non-experimental hypotheses with alternative centrality

Outcome Explanatory Centrality
variable variable measure β p 95% CI

H1 Donation (0-5 GHS)
Betweenness Centrality Betweenness 0.00 <0.001 (0.00, 0.00)
Degree Centrality Degree 0.03 <0.001 ( 0.02, 0.05)

H2 Donation (0-5 GHS)

Proximity (SNN) to leader Betweenness 0.13 0.01 (0.03, 0.23)
Proximity (MPD) to leader Betweenness -0.00 0.99 (-0.11, 0.11)
Proximity (SNN) to leader Degree 0.08 0.16 (-0.03, 0.19)
Proximity (MPD) to leader Degree 0.05 0.42 (-0.07, 0.16)

L Interview order in the control group (pg. 19)
In the main text we assume that influence and network spillovers should not occur in the control
group as respondents did not have time to coordinate on behavior in the game between being
first introduced to the activity and contributing, both of which occurred during the same survey
interview. However, it remains possible that “chatter” could grow starting with the completion
of the first interview in each village, such that control group respondents might be subject to or
exercise some form of influence prior to being interviewed.

To test for this, we examine minutes between the completion of the first interview and the
initiation of every other control group interview in each village. Table OA.14 lists OLS models in
which the outcomes are donation amount (column 1) and expected donations of others (column 2)
and the main predictor is minutes between when the first interview in each village began to when
each control participant’s interview began. We include the same set of controls as Table 5 of the
main text. We find no differences in donations or beliefs about others’ donations among control
respondents who were interviewed later within their communities, inconsistent with interference
passing among control respondents.

SI.16



Table OA.14: Control group behavior by time from first interview
1 2

Outcome: Donation Expected donation
amount (GHS) of others (GHS)

Minutes from first 0.0002 0.0005
interview in community (0.0004) (0.0005)

Community fixed effects Y Y
Demographic controls Y Y
N 195 127
adj. R2 0.0971 0.1224
† significant at p < .10; ∗p < .05; ∗∗p < .01; ∗∗∗p < .001. Subset
to control groups respondents only. Column 2 is NA if respondents
reported they did not know others’ likely donation amounts. All models
are OLS with standard errors in parentheses.
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M Accuracy of expectations about others’ behavior, control group
(pg. 20)

Table OA.15: Accuracy of expected peer behavior, control participants only

Avg error “Don’t Correctly “Don’t Correctly “Don’t N
from median know” identify know” idenitify know” (control)
donation others’ modal modal modal modal

Community (GHS) donations project project leader leader

Builsa 1 -0.50 52.6% 60.5% 0.0% 55.0% 47.4% 38
Builsa 2 0.23 59.4% 60.0% 6.25% 57.1% 12.5% 32
Konkomba 1 0.19 8.5% 57.5% 0.0% 71.4% 10.6% 47
Konkomba 2 0.00 30.6% 52.8% 0.0% 69.6 % 36.1% 36
Mamprusi 1 -0.75 33.3% 82.5% 4.8% 100% 11.9% 42

Overall -0.15 34.9% 62.8% 2.1% 73.3% 23.1% 195

Note: values in columns 1, 3, and 5 are among the participants who did not answer “don’t know.”

While some control participants expressed uncertainty about how others would donate (34.9%),
most held fairly accurate expectations about their peers’ behavior in the activity. This suggests that
participants seeking to apply a rule of conditional cooperation could act from a position in which
they were already reasonably able to infer other community members’ likely behavior, even absent
any communication or interaction.

Table OA.15 lists the accuracy of control group participants’ priors about the behavior of their
peers for each of the three decisions to be made: donation amount, choice of project type (e.g., wa-
ter vs. school), and choice of leader to manage the project (e.g., chief vs. assemblyman). There is
clear variation in the accuracy of priors across the five communities, with the greatest uncertainty
about others’ behavior in the Builsa communities, which are notably the same two communities
with the greatest number of socially-disconnected households in Figure 1 in the main text. But, on
average, two-thirds of participants felt they could guess how much others would donate, and those
who guessed only missed the correct median donation by an average of 0.15 GHS. Similarly large
majorities accurately guessed what project and which leader would be chosen.

N Conditional cooperation and centrality in the control group
(pg. 20)

The OLS model in Table OA.16 regress control respondents’ donation amounts on the interaction
of their expectation of others’ donation amounts and their eigenvector centrality, including the
same individual-level controls and fixed effects as the other analyses. The interaction is significant
at the p < 0.01 level.
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Table OA.16: Conditional cooperation and centrality in the control group
Outcome: Donation amount (GHS)
Expected donation of others (GHS) 0.07

(0.13)
Eigenvector centrality −3.69

(2.68)
Expected donation of others (GHS) 3.24∗∗

* eigenvector centrality (1.23)
Community fixed effects Y
Demographic controls Y
N 127
adj. R2 0.25
Standard errors in parentheses
† significant at p < .10; ∗p < .05; ∗∗p < .01; ∗∗∗p < .001. Subset to control participants only.

O H4 separately by community (pg. 23)
In Table OA.17 we show estimates of H4 at the community-level. We apply the same estimation
method described in the main text to subsets of the data (divided by community). Only in the
second Konkomba community is the change in variance signed in the same direction as predicted
by H4 and significant at the p = 0.1 level in a one-sided test.

Table OA.17: Results for H4 by community

Case β p

H4 overall -0.01 0.48

Builsa 1 -0.44 0.16
Builsa 2 0.12 0.47
Konkomba 1 0.06 0.44
Konkomba 2 -0.70 0.09
Mamprusi 1 -0.45 0.20

P-values calculated via randomization inference, as de-
scribed for H4 in the text.

P Additional tests for a wealth effect (pg. 25)
We further rule out that our main result for network centrality (H1) can be explained by more cen-
tral individuals being wealthier using an additional, stricter assets measure than the nine-item index
described in on page SI.13. In this alternative measure, we include only the three highest-value as-
sets measured on the survey: having a smartphone, motorcycle, and electricity. Respondents with
these three particular assets should be the wealthiest in the survey sample. Table OA.18 reports
our test for H1 using the same estimation procedure described in the text, but with this alternative
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assets measure instead of the regular control. The result remains the same, suggesting wealth is
unlikely to account for the relationship between network centrality and cooperation.

Table OA.18: Results for H1 with alternative assets index

Outcome Explanatory
variable variable β p 95% CI N

H1 Donation (0-5 GHS) Eigenvector centrality 2.88 <0.001 (1.32, 4.43) 402

Q Differential benefits to more central players? (pg. 25)
Another possibility for why more central participants already donate more in the control group,
absent social influence, is that they rationally expect to be more likely to benefit from a local
public good. We believe this alternative is unlikely for three reasons.

First, the main projects at stake mostly have locally non-excludable benefits that (if properly
funded) should have been expected to benefit all participants similarly, especially once already
controlling for participants’ wealth and other indicators of socio-economic status (as we do in
all analyses in the text).10 Table OA.19 lists the distribution of donors’ preferred projects. The
main projects at stake in the public goods game were: electricity, especially raising funds for the
purchase of poles to enable the community to be connected to the grid; drinking water access,
especially raising funds for repairs to the community’s public borehole; and funding for the local
health clinic. None of these are likely to have highly differential benefits across users within these
small, rural communities.

Second, our null result for H2 is inconsistent with this alternative. One of the most plausible
ways in which ostensibly locally non-excludable goods like those in Table OA.19 could still have
differentially greater benefits for some community members than others is if the leaders tasked
with creating the good restrict access to a subset of community members, or divert the accumu-
lated donations to favored individuals within the community. If either were true, we would expect
participants who are closer in the network to the leader expected to manage the donations to expect
to be less likely to be excluded from the benefits. Under the alternative explanation, these individ-
uals should then be more likely to donate in anticipation of greater benefits. But for H2, we find
that participants closer to these leaders in the network donated no more than those further away.

Third, in a purely rationalist framework, Olson (1965) argues that individuals who stand to
benefit differentially more than others from a public good will forego free-riding (cooperate) if their
private contribution can have a large enough marginal effect on the outcome to provide the good
on their own. But individual donations in our study were capped at 5GHS (10GHS with matching)
– $1.25 ($2.50) – far too small on the margins to affect whether any good would actually be

10Moreover, more central players in the networks are marginally wealthier in terms of assets. To the extent that
there is diminishing marginal utility of wealth, it is instead more plausible that the most network central players are
those who stood to benefit least on average from local public goods that would provide a free service (e.g., clean water)
that otherwise must be purchased privately.
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Table OA.19: Preferences by community

Good Builsa 1 Builsa 2 Konkomba 1 Konkomba 2 Mamprusi

Agriculture 1 1 2 2 2
Education 0 3 1 12 3
Electricity 58 1 59 0 13
Health 0 1 9 43 43
Infrastructure 0 6 3 1 5
Religious 0 0 1 4 0
Water 22 58 21 12 2
Other/NA 7 21 1 8 5

Note: Values express frequency of response after coding from an open-form response.

delivered. Absent consideration of cooperative norms or players’ underlying types (our preferred
explanations), players who stood to benefit differentially more from the good should still have
rationally free-rided.

R Did treated participants simply consume the endowment?
(pg. 25)

Some treated participants may have needed to spend the endowment on a more pressing need that
came up during the waiting period. Indeed, our covariate measuring household assets positively
predicts donation amounts, consistent with poorer participants keeping more of the endowment.11

But this is unlikely to account for our results for several reasons.
First, the assets index does not significantly interact with treatment, with poorer participants in

the treated group no more likely to keep the money than similarly poor participants in the control
group. Moreover, only 5% (10) of participants in the treatment group made a 0 GHS donation,
inconsistent with many treated participants consuming their full endowments.

Second, we cast doubt on this alternative explanation by examining variation in the length of the
wait between interviews for the treated participants. On average, the follow-up interview occurred
roughly one and a half days (33.9 hours) after the initial interview, but this varied for logistical
reasons from a few participants who were (mistakenly) reinterviewed later the same day12 to a few
only re-contacted 3 days later (up to 67 hours later). If treated participants donated less overall
because they became tempted to consume the endowment in the interim, donation amounts should
be systematically lower among participants who had to wait longer and had more opportunities for

11The assets index includes owning a radio, livestock, an electricity connection, a bicycle, a motorbike, an improved
stove, basic mobile phone, and smartphone.

12Seven treated participants (3%) were incorrectly re-interviewed later on the same day as the initial interview.
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other pressing expenses to come up. But we find no relationship between hours waited and amount
donated in Table OA.20. We regress hours between the conclusion of the first interview and the
start of the follow-up interview on the amount donated, while including the full battery of controls
used throughout the main text.

Table OA.20: Impact of wait-time on treatment group behavior
1

Outcome: Donation
amount (GHS)

Wait hours −0.001
(0.005)

Community fixed effects Y
Demographic controls Y
N 207
adj. R2 0.334
† significant at p < .10; ∗p < .05; ∗∗p < .01; ∗∗∗p <
.001. Subset to control group respondents only. OLS
with standard errors in parentheses.

S Chiefs’ contacts in the treated group (pg. 26)
In Table OA.21 we regress whether a respondent in the treatment group spoke to the chief on two
measures of network distance from the chief. We include the full set of controls used in our main
specifications. At least for the path distance measure, chiefs were more likely to talk about the
activity with their closer social alters.

Table OA.21: Impact of network distance from chief on probability of speaking with chief
Outcome: Spoke to Chief (0,1) Spoke to Chief (0,1)
Path Distance from the −0.55†

plurality chosen leader (0.30)
Shared nearest neighbors 0.20

with plurality chosen leader (0.27)
Community fixed effects Y Y
Demographic controls Y Y
N 162 161
† significant at p < .10; ∗p < .05; ∗∗p < .01; ∗∗∗p < .001. Subset to treatment
participants only. Logistic regressions with standard errors in parentheses.
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T Conditional cooperation in the treatment group
Table OA.22 presents the results of regressing treatment respondents’ own donation behavior on
their expectations of others’ donation amounts. On average, for each additional cedi that a treat-
ment respondent expected others to donate, she donated an additional 0.22 cedis to the public good
(p < 0.01).

Table OA.22: Conditional Cooperation in the Treatment Group
Outcome: Donation amount (GHS)
Expected donation of others (GHS) 0.22∗∗

(0.08)
Community fixed effects Y
Demographic controls Y
N 123
adj. R2 0.46
† significant at p < .10; ∗p < .05; ∗∗p < .01; ∗∗∗p < .001. Subset to
treatment participants only, dropping those who report they don’t know how
much others will donate (39%). OLS with standard errors in parentheses.

U Interaction of treatment and eigenvector centrality (pg. 28)
The relationship between eigenvector centrality and donation amount does not vary with treatment.
More central participants donated similarly more in both the control and treatment groups. Table
OA.23 provides an OLS regression table for this interaction. The p-value on the interaction term
calculated via randomization inference is p = 0.62.

Table OA.23: Interaction between treatment and eigenvector centrality
Outcome: Donation amount (GHS)
Treatment (0,1) −0.32∗

(0.16)
Eigenvector centrality 2.23†

(1.15)
Treatment * Eigenvector 1.08

(1.51)
Community fixed effects Y
Demographic controls Y
N 402
adj. R2 0.19
† significant at p < .10; ∗p < .05; ∗∗p < .01; ∗∗∗p < .001. Subset to
treatment participants only, dropping those who report they don’t know how
much others will donate (39%). OLS with standard errors in parentheses.
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V Treatment effects on expectations of others’ behavior (pg. 27)
In Table OA.24 we estimate the effects of treatment on three additional outcome variables that
indicate the possible effects of communication. The first outcome is the accuracy of participants’
final guess of the amount others would donate, measured as the absolute value of the difference
between each participants’ guess and the median donation in their community. The second out-
come is whether participants instead indicated that they “didn’t know” what others would donate
in their final statement of expectations of others’ behavior. The third outcome is how much partici-
pants expected others to donate (with “don’t know” set to NA). In each case, these are expectations
measured right before participants made their donation: at the end of the first wave interview for
control participants and end of the second wave interview for treated participants.

To maintain consistency with the main text, these estimates are from OLS regressions with
the same controls and p-values calculated via randomization inference. These are 2-sided tests
against null hypotheses of no effect for any unit. An alternative set of estimates using the pre-
registered approach from Aronow and Samii (2017) is substantively same except for the “don’t
know” outcome. Using the pre-registered approach instead, we find that treated participants were
7.1 percentage points more likely to express uncertainty about how others would behave (albeit
only at the p < 0.1 level). This estimate is not statistically significant using the alternative OLS
specification presented here.

Table OA.24: Effects of treatment on expectations of others’ behavior

Outcome: β p

Accuracy of expected donation of others -0.10 0.25
“Don’t know” others’ donation amount 0.04 0.44
Amount others expected to donate -0.10 0.33
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