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Abstract. I study the direct and spillover effects of social interactions using in a
network of volunteers from Engineers Without Borders (EWB), Canada. I model so-
cial interactions as a network game in which agents simultaneously choose their effort
levels, taking the network and their friends’ efforts as given. The effects from social
interactions are introduced through two separate channels: a strategic interaction
term which affects the marginal benefit from supplying effort and a direct spillover
term affecting the level of an agent’s payoff. I construct three different categories of
online and offline networks and estimate the model using instrumental variables and
system GMM. The identification strategy relies on the yearly variation in the loca-
tion of the EWB national conference and new members’ participation levels in this
event each year. The estimates demonstrate different patterns for engagement versus
fundraising activities. Large significant levels of strategic complementarities are al-
ways present in fundraising activities regardless of the definition of links, however, in
engagement activities, strategic complementarities are only significant in online net-
works. Additionally, engagement activities exhibit positive significant levels of direct
spillovers for all networks. In contrast, in fundraising campaigns, the direct spillover
effect is only significant in large offline networks.

1. Introduction

Social networks have value: the whole is greater than the sum of its parts. New
properties emerge because of individuals’ embeddedness in social networks, and these
properties inhere in the structure of the networks, not just in the individuals within
them. The recognition that social connections play an essential role in explaining
various social and economic phenomena has sparked a growing literature that studies
social structures that emerge in different situations and how they impact individual
behaviours and outcomes.
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Studying social interactions and identifying peer effects has been the focus of many
papers which have tried to shed light on the channels whereby an individual’s peer
group impacts their own outcomes. In contrast to most of the existing literature, in
this paper I study two separate channels through which social interactions could im-
pact an individual’s decisions and outcomes. To do so, I model the interaction among
individuals as a simultaneous move game in a given network, in which individuals ben-
efit from their own effort as well as the average of their friends’ efforts through two
channels: (1) a strategic interaction term which impacts the marginal benefit from
supplying the effort, and (2) a direct spillover term affecting the level of the benefit.
Direct spillover term measure the effect of one’s peers on own outcome, while strate-
gic interaction term indicates one’s peers’ effect on one’s behaviour or effort choice.
For example, a positive coefficient of the strategic interaction term indicates presence
of strategic complementarities among members, hence, in organizing a conference for
instance, the harder one’s friends work, the harder the individual would work; in ad-
dition, extra effort from one’s friends could directly contribute to a better outcome
and turnout for the conference (direct positive spillover). Note that the identification
of the effort best response equation suffers from the standard endogeneity issues and
the “reflection problem”1 that need to be addressed appropriately. However, properly
estimating the best response equation at best recovers the reduced form parameter
which is the ratio of the coefficients of strategic interaction term to marginal cost2 and
provides no information about the direct spillover effect. To address this issue, using
raw data from Engineers Without Borders (EWB)3, I manually construct a dataset
1Manski (1993) characterizes three separate channels for peer effects: (1) endogenous effects, (2)
exogenous or contextual effects, and (3) correlated effects. Endogenous effects are present when indi-
viduals simultaneously influence each others’ decisions, whereas the contextual effects arise when an
individual’s decisions are impacted by his friends’ exogenous characteristics such their parents’ socio-
economic status. Finally, correlated effects are present when a potentially unobserved factor influences
both the individual and his peers. Identification of these peer effects is specially problematic (even
in the absence of the correlated effects) in linear-in-mean models, because of the perfect collinearity
between the peer group’s mean characteristics and their mean outcome. This is the well-known re-
flection problem. This problem is especially pronounced when all the individuals are assumed to have
the same peer group.
2One should use caution in interpreting the coefficients that are obtained from estimating the best
response equation only, since there could be several structural models that lead to the same best
response equation. For more detailed discussion see: Boucher, Vincent, and Bernard Fortin. ”Some
Challenges in the Empirics of the Effects of Networks.” (2015): 15-04.
3EWB is a Canadian non-governmental organization (NGO), founded in 2001 that is engaged in
international development work both in Canada and in a selection of countries in Africa. Their work
in Canada focuses on policy, education, and advocacy initiatives while their work in Africa comprises
capacity building initiatives in sectors including agriculture, water and sanitation, and governance.
EWB’s Canadian membership is comprised of volunteers organized into local chapters. The chapters
are a loosely hierarchical structure led by an elected president and an executive team comprising 10-15
highly involved members. Chapters are typically associated with a university, and range in size from
tens to hundreds of members. More information about EWB can be found at http://www.ewb.ca.
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that contains information on several distinct social networks, individuals’ choices of
effort, as well as associated outcomes. This is different from most other datasets used
in studying peer effects which usually do not have detail information on the network
structure, and also only contain either the effort choice or the outcome variables. Us-
ing this unique dataset, I am able to jointly estimate the best response equation with
the corresponding equilibrium benefit equation, and separately recover the impact of
the two network effects – the strategic interaction and the direct spillover term in the
structural model.

The aspects of my dataset that makes the estimation of the full model possible are
three fold. First, it provides information on several dimensions of members’ interactions
within the organization. Specifically, it distinguishes between several online and offline
(in person) measures of social links, making it possible to study how different kinds of
interactions influence both individual choices and outcomes. In particular, I construct
three types of networks based on: (1) direct messages between members, (2) post and
reply relationships in online forums, and (3) membership in common offline groups4.
Second, the data includes information not only on individual characteristics and choices
of effort, but also on the outcomes of these activities, enabling me to jointly estimate
the best response and the equilibrium benefit equations to recover the two distinct
network effects. Finally, the dataset enables me to estimate the effect of own and peers’
decisions on two different measures of charitable activities: (1) engagement activities
such as member learning, public engagement and advocacy, etc. that mostly involves
donating time, and (2) peer to peer online fundraising campaigns. The first category
includes activities that require in person interactions among individuals whereas the
second is a online campaign through which individuals invite their family and friends
to contribute to their campaign5.

I estimate the structural model via IV and system GMM and find that (a) in engage-
ment activities the network game among members is one of strategic complementarities
(positive strategic interaction term), especially when the peer groups are defined based
on the online interactions, whereas strategic complementarities are always present in
the fundraising activities regardless of the type of the network. Observing strategic
complementarity as opposed to strategic substitutability implies that an increase in a
member’s own effort, positively impacts his friends. In particular, I find no evidence
for free riding behaviour. This is in contrast to the common view that free-riding is a

Most of the data used in this research originates from a purpose-built website (myewb.ca) used by
EWB members to communicate and coordinate their efforts.
4For more details see Section 3.
5All the contributions are fully donated to EWB.
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problem, especially in the context of charitable behaviour and private provision of pub-
lic goods. Note that if the free-riding problem were present, the estimated coefficients
on the interaction between own effort and the efforts of others should exhibit strategic
substitution, which is not the case in any of the empirical specifications. Furthermore,
I find that (b) direct spillovers play an important role, especially in engagement ac-
tivities, but also in fundraising campaigns when the individual specific peer group is
based on offline interactions. In engagement activities, the direct network spillover is
present even when no strategic complementarity (or substitution) is detected.

In terms of magnitudes, in the fundraising activities, the parameter estimates imply
that if, for example, an individual’s peer group increase their effort by sending 100 more
emails, he would send up to 45 extra emails (strategic complementarity) depending on
whether peer group is defined based on his online or offline interactions. Additionally,
100 extra emails sent on average by his friends, contributes, on average, 550$ directly
to his total fundraising amount (direct spillover effect). In engagement activities such
as a public outreach event, 10 hours increase in the average of one’s peers’ volunteering
time results in 3 extra hours of volunteering, when his peer group is defined based
on online interaction among members. In contrast, I do not find evidence of strategic
complementarities among members in offline networks. The direct spillover effect,
however, is always significant and positive regardless of the definition of the peer group.
One standard deviation increase in the average of peer’s efforts, contributed between
0.2 to 0.5 standard deviation to the outcome from a specific event or activities.

To address the reflection problem and the endogeneity of individual effort levels,
I take advantage of the exogenous yearly variations in the location of the national
conference of Engineers Without Borders, and its impact on the participation levels of
new members. The national conference is the most important event of the year and
takes place every year in mid January, four months after most of new members join
the organization. The location of the national conference is decided by the national
office and changes every year to provide equal opportunities for all members across
Canada, and is announced around late October or early November when registration
opens. Therefore, the location of this conference can be considered exogenous to the
characteristics of new members who join EWB in September, as the school year begins.
Since the vast majority of new members do not know much about the organization and
the importance of the national conference, their decision to attend is mostly dictated
by the travel costs. I provide evidence that attending the national conference in the
first year of joining EWB has a significant positive impact on members’ engagement
and participation levels through out their involvement with EWB. Therefore, I use the
location and distance to the national conference in the first year of joining EWB as
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instruments for the endogenous effort variables, and use standard IV approaches as
well as system GMM to estimate the parameters of the model and discuss how the
reduced-form parameters map into the structural ones.

Finally, to establish the robustness of my results, I use different definitions for the
networks that assume a looser or a more stringent characterization of links. I also take
advantage of variations present in the network structure by integrating ideas discussed
in Bramoulle, Djeebari, and Fortin (2009), and use “friends of friends’” and “friend of
friends of friends’”covariates as instruments for the endogenous variables. All of these
specification demonstrate that my baseline estimates are robust. Also the results are
unchanged even when only a subset of instruments are used.

1.1. Literature Review. This paper is related to several literatures. First, I build
on and extend the peer effects literature. As mentioned earlier Manski’s paper sets
out much of the basic terminology and concerns of this literature and shows that in
the context of the linear-in-means model the three types of effects discussed earlier
in footnote (1) are not separately identified, but that the policy implications of the
three types are different. A large literature have tackled this problem through various
approaches such as using random assignments to groups (e.g. Sacerdote (2001), Hoxby
(2000), Hanushek et al. (2003), Burke and Sass (2011)), an exclusion restriction (e.g.
Gaviria and Raphael (2001), Fletcher (2012), Duflo and Saez (2003)), conditional vari-
ances (e.g. Glaeser et al (1996), Graham (2008), Friesen and Krauth (2007)), or using
other approaches for identification in nonlinear models (e.g. Brock and Durlauf (1995),
Card and Giuliano (2012), and Krauth (2006))6.

More closely related papers to this study, are the identification approaches discussed
in Bramoulle et al (2009), Calvo-Armengol et al. (2009) and De Giorgi et al. (2010).
Note that Manski’s paper assumes the social network takes the form of a set of dis-
connected groups (i.e. treating them as complete networks). In contrast, the above
papers consider more complex social networks, and exploit a simple idea to get the
identification: endogenous effects imply that an individual’s behaviour is influenced
indirectly by the friends of his friends, while contextual effects do not. More specifi-
cally, Bramoulle et al (2009) shows that in the absence of correlated effects and under
certain conditions on the network structure, the covariates of friends of friends could
be use to instrument the average of friends’ choices in the reduced form linear in mean
model. Unfortunately, the assumption of the no correlated effects may not hold in
many different contexts. Therefore, I only include this method as a robustness check

6For a comprehensive overview of applied literature on on the identification of social interactions see
Blume and coauthors (2010) and de Paula (2015).
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in this paper, and use the exogenous location and distance to the national conference
instruments in my baseline specifications.7

Another area of related research is the literature on network games.8 The theoretical
model used in this study is an adaptation of Bramoulle, Kranton and D’Amours (2012)
and Dastranj, Karaivanov and Easton (2015), allowing for the presence of strategic
complementarities as well as substitutability. Acemoglu et al (2015) use a similar
methodology to study the direct and spillover effects of local state capacity using the
network of Colombian municipalities. To my knowledge, this paper is the only other
paper that uses the benefit equation equation jointly with the best response function
to estimate the parameters of the structural model.

Finally, this paper relates to the research on charitable giving. There is a large
literature on this topic that dates back to Adam Smith (1759)9. In particular, there
are several papers that discuss how charitable behaviour might be motivated by a
desire to receive social acclaim or prestige, as well as potentially conforming to some
social norms10. In a recent paper, Karlan and McConnell (2014) conduct a field study
with donors to Yale University to test the impact of a promise of public recognition
on giving, and show that charitable gifts increase in response to the promise of public
recognition primarily because of individuals’ desire to improve their social image11.
Other papers that look at the charitable behaviour and peer pressure (e.g. DellaVigna
et al. (2010) and Carman (2004)) and find strong evidence for the presence of social
pressure, similar to the strategic complementarities that I found in several networks. In
addition, using data from a university, Meer (2010) analyzes whether alumni are more
likely to give, and give larger amounts when they are solicited by someone with whom
they have social ties. They show that individuals are much more likely to donate, and
donate larger amounts when asked by an acquaintance with whom they share similar
characteristics12.

The rest of this paper is organized as follows. The structural model is presented in
section 2 followed by introducing the dataset in section 3 and discussing specific factors
used in defining the networks and the measures for the parameters of the model. In
section 4, I discuss the empirical strategy and the exclusion restriction assumptions in

7More specifically, I use own, friends’, and friends of friends’ location and distance to the national
conference as exogenous instruments, for more information see Section 4.
8For a comprehensive review of literature see Jackson (2008).
9See Andreoni (1989 and 1990), Glazer and Konrad (1996), Andreoni (1998), Benabou and Tirole
(2005), Mayo and Tinsley (2009), Lilley and Slonim (2014), Edwards and List (2014), and many
more. For two thorough surveys of this literature see Vesterlund (2006) or Andreoni (2006).
10See Becker (1974), Bernheim (1994) and Harbaugh (1998).
11 Karlan et al (2014)
12For earlier studies on the effect of own giving by one’s reference groups see Feldstein and Clotfelter
(1976) and Andreoni and Scholz (1998).
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detail and present the results of estimating the model in section 5. Finally, the outcomes
of the robustness checks are demonstrated in section 6 followed by the conclusion.

2. The Model

In this section, I present a theoretical model that builds on public goods games in
networks, in which individuals benefit from their own efforts/activity as well as their
friends’. The latter component of the benefit function is captured through two separate
additive terms: (1) an interaction term that represents strategic complementaries or
substitutabilities affecting the marginal product of effort, and (2) an aggregate term
that represents any spillovers or externalities and impacts the level of the benefit func-
tion directly. There are also costs associated with own effort.

Formally, let G represent the network of members with the following payoff functions:

Πi(ei, e−i,G) = Bi − Ci

Bi(ei, e−i,G) = ei(αxi + ηi) + γei
N∑
j=1

gijej + λ
N∑
j=1

gijej + δxi + εi

Ci(ei, e−i,G) = π

2 e
2
i

Above, xi captures the strength of the observable component of own effort on the total
benefit function, Bi, and ηi captures the strength of the unobserved component. γ

represents the effect of the strategic interaction term between own effort and friends’
effort (strategic complementarity if γ > 0), whereas λ captures the direct effect of
friends’ effort on i’s outcome (spill overs). εi are mean-zero unobservables both to
individuals and the modeller. Finally, π is the marginal cost parameter of own effort.
Additionally, the network G is defined as:

gij = 1
di

if i and j are linked
gji = 1

dj
if i and j are linked

gij = gji = 0 if i and j are not linked
gii = 0

(2.1)

where di is the degree (total number of links) of agent i.13 As a result, the first order
condition for optimal effort choice is as follows:

(αxi + ηi) + γ
N∑
j=1

gijej − πei

 < 0 if ei ≤ 0
= 0 if ei > 0

(2.2)

13Note that dividing by di results in considering the average of peers’ effect in the payoff function.
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Existence and uniqueness conditions for this game is provided by Bramoulle, Kranton
and D’Amours (2012) and Corbo, Calvo-Armengol and Parkes (2007) and depends on
the minimum eigenvalue of the network:

Lemma 1. (Bramoulle, Kranton, and D’Amours (2012)). If |αmin(G)| < π
γ

, then there
exists a unique interior equilibrium14.

From now on I assume that |αmin(G)| < π
γ

condition is satisfied, so we get ei =
fBRi (e,G), where:

fBRi (e,G) = max{0, (αxi + ηi)
π

+ γ

π

N∑
j=1

gijej}(2.3)

And if the parameters are such that the solution is interior, then:

ei = αxi + ηi
π

+ γ

π

N∑
j=1

gijej

ei = ᾱxi + γ̄
N∑
j=1

gijej + η̄i(2.4)

where t̄ = t
π
. Equation (2.4) presents the source of the endogeneity problem: an agent’s

effort choice depends on his own characteristics as well as the average of his friends’
choice of effort. Note that, even if this equation is identified properly, the estimated
coefficient (γ̄) are not the parameters of the structural model since they are normalized
by the marginal cost parameter, π. However, for the interior solution, by substituting

14Note that a potential function associated with the payoff function is

Φ(e,G) =
N∑
i=1

ei(αxi + ηi + γ

2

N∑
j=1

gijej) + δ

N∑
i

xi −
π

2

N∑
i

e2
i

where ∂Φ
∂ei

= ∂Πi

∂ei

In the matrix notation, this potential function can be written as:

Φ(e,G) = e′(αx + η)− π

2 e′(I− γ

π
G)e + δx1

⇒ ∇2Φ = −π2 (I− γ

π
G)

Therefore, the potential function is strictly concave when (I− γ
πG) is positive definite. Corbo, Calvo-

Armengol and Parkes (2007) show that in games with pure strategic complementarities, this is the
case when λmax(−G) < π

γ (where λmax is the maximum eigenvalue of matrix −G). They also show
that the existence of an interior equilibrium is guaranteed by the same condition. However, note that
λmax(−G) = −λmin(G). Therefore, this condition coincides with Bramoulle, Kranton and D’Amours
(2012) condition for the uniqueness of equilibrium.
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equation (2.4) in the benefit function B(.), we get:

Bi(ei, e−i,G) = ei(αxi + ηi) + γei
N∑
j=1

gijej + λ
N∑
j=1

gijej + δxi + εi

= ei[(αxi + ηi) + γ
N∑
j=1

gijej] + λ
N∑
j=1

gijej + δxi + εi

= ei[πei] + λ
N∑
j=1

gijej + δxi + εi

⇒ Bi(ei, e−i,G) = πe2
i + λ

N∑
j=1

gijej + δxi + εi(2.5)

Therefore, by taking advantage of the appropriate sources of data and simultaneously
estimating Equations (2.5) and (2.4), one could recover all the parameters of the model
and the channels through which social interactions impacts behaviour and outcomes.
To estimate the following equations empirically,

ei = αxi + ηi
π

+ γ

π

N∑
j=1

gijej

Bi(ei, e−i,G) = πe2
i + λ

N∑
j=1

gijej + δxi + εi

I assume

E[εi|xi,G] = 0 E[ηi|xi,G] = 0(2.6)

Note that the effort level in the best response equation (2.4) is endogenous, i.e. own
effort depends on friends’ efforts. Additionally, there might be unobservables that
are correlated with friends’ efforts in both equations, i.e. cov(∑N

j=1 gijej, ηi) 6= 0 and
cov(∑N

j=1 gijej, εi) 6= 0 (i.e. E[εiεj|xi,G] 6= 0 and E[ηiηj|xi,G] 6= 0)15. Also, since the
effort level is endogenous, in the benefit equation (2.5), we may have cov(ei, εi) 6= 0 (i.e
E[ηiεj|xi,G] 6= 0). Therefore, the endogeneity problem and the correlated effects need
to be appropriately addressed potentially through suitable instruments that are or-
thogonal to the omitted own and friends’ effort levels. In other words, the instruments,
z, need to have the following properties:

E[ε|z,G] = 0 E[η|z,G] = 0(2.7)

Having this, π (the marginal cost parameter) and λ (the spill over effect ) could be
estimated from the benefit equation (2.5), and using π, I recover γ (the strength of

15Correlated effects in Manki’s terminology.
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the interaction effect) from the estimate of the peer effect term in the best response
equation (2.4), and therefore recover all the parameters of the structural model.

3. Data

Data for this study has been mostly constructed using the Engineers Without Bor-
ders’ online platform called myewb.ca. This website was launched in late 2003 and its
purpose was to facilitate communication across different chapters. It was also used for
planning activities and inter-chapter communications. In addition, myewb was set up
to allow users share information and exchange ideas with other members across the or-
ganization through forums, threaded conversations, wiki pages, whiteboards and more.
Using this website, I have constructed several online and offline networks as well as the
effort and outcome variables. The details are provided in the following paragraphs.

Upon joining EWB, members were encouraged to open a myewb account to make
sure that they received communications about events and a wide variety of activities
that are planned by chapters. By creating a profile on myewb, individuals could par-
ticipate in different forum and online conversations, share information, and also join
groups or start groups based on their (offline) activities. Overall, this environment pro-
vides a rich dataset to study the interaction of individuals and their outcomes through
several channels. Table 1 provides summary of the descriptive statistics of individual
characteristics available in the dataset.

Table 1. Descriptive Statistics of Individual Characteristics

Statistic Mean St. Dev. Min Max
Age 25.61 8.84 15 65
Chapter Size 97.54 64.86 1 281
Male dummy 0.59 0.49 0 1
English dummy 0.91 0.28 0 1
Student dummy 0.19 0.39 0 1
Work dummy 0.07 0.26 0 1
Both student & work dummy 0.02 0.14 0 1
Distance to National Conference 2,232.88 1,884.75 0 7,512
Total Login 12.81 90.61 1 4,858
Total group membership 7.25 15.44 1 225
Total Conferences 0.19 0.74 0 10

In order to estimate the structural model presented in the previous section, three
key components are needed: (1) networks that characterize social ties, (2) proxies for
individual effort, and (3) proxies for individual benefit or outcome from exerting that
effort.
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3.1. Networks. To build the undirected networks used in this study, 3 different crite-
ria are used: (1) direct messages: a link between two individuals indicates that at least
one of them sent a message to the other person through myewb. (2) threaded comments:
there is a link between two agents if there exists a post and reply relationship between
these individuals (i.e. one individual writes a post and the other replies to that post).
Note that there could be more than one reply to a post, hence, it is assumed that all
the agents who are part of the same thread are connected. Also, there could be posts
that no one replied to which could result in having isolated agents with no connections.
(3) group membership: individuals who are members of the same groups are assumed
to be connected. Note that an agent could be part of many different groups which vary
in size from just a handful of members to groups with hundreds of members. Therefore,
in the default group membership network only groups with less than 50 members are
considered. Later in the robustness checks, I use a broader as well as a more stringent
requirement for the definition of these links. Table 2 summarizes the characteristics of
the three different networks I construct.

The degree distribution and the average of individuals’ neighbour degrees versus
individual’s degree are plotted in figures (4) and (5). These plot show that there is
a fairly linear decay in the log-frequency as a function of log-degree, and also suggest
that while there is a tendency for individuals of higher degrees to link with similar
individuals, people with lower degree tend to link with individuals of both lower and
higher degrees. It is reassuring to observe these characteristics in the constructed
networks as these properties are present in many other social networks and distinguish
these networks from randomly generated ones.16

Table 2. Network Characteristics

Network Diameter Avg Path Length Density Transitivity
Messages 22 3.94 0.002 0.091
Threaded Comments 69 2.77 0.013 0.386
Group Membership 6 2.56 0.017 0.44

Note that the threaded comments and messages networks are mostly based on online
relationship between individuals who may not even live in the same city. In contrast,
the networks made using the group membership data is mostly based on offline and in
person relationships.

The correlation between several centrality measures and effort and outcome variables
(discussed in the following section) is presented in tables 19 and 20. In all categories,
16For more information see: Kolaczyk, Eric D., and Gabor Csardi. Statistical analysis of network
data with R. Vol. 65. Springer, 2014.



NETWORKS AND CHARITABLE GIVING 12

the correlation between degree and eigenvector centrality with the effort and outcome
variables are larger than the betweenness and closeness centralities. This is interesting,
since, with strategic complementarities, own effort is increasing in the number of friends
(i.e positive correlation with degree centrality and eigenvector centrality).

3.2. Effort And Outcome Variables. I also construct three separate categories of
activities that provide proxies for the effort and benefit variables of the structural
model: (1) member engagement activities recoded through CHAMP, (2) online peer to
peer fundraising campaigns, and (3) general activities. In this section, I provide a brief
overview of these activities and discuss the variables that are used in this study.

3.2.1. Engagement Activities (CHAMP). In 2005, a new data collection system was
introduced across EWB called CHAMP. Data available in CHAMP is comprised of
9 categories: Member learning, fundraising, school outreach, workplace outreach, ad-
vocacy letters, curriculum enhancement, functioning, public engagement and publica-
tions. The variables that capture members input or effort are the “preparation hours”
and the “execution hours”. For each individual in the CHAMP dataset, the prepara-
tion and execution hours are added to calculate “total hours” spent volunteering that
is used to proxy variable ei in estimating the best response and the benefit equations17.

In contrast, the outcome variables, Bi, are different for each of the above categories.
For example, for political advocacy, it is number of letters sent to MPs (member of
parliament), whereas for member learning or outreach categories, it is the number of
participants. In order to make these categories comparable, the outcome variables
are scaled between [1, 10] using a scaling function that retains the rank order and the
relative size of separation between any two values. More precisely, the minimum and
maximum values are set equal to 1 and 10 respectively and all the other values are
scaled based on their distance from this maximum and minimum, so that the resulting
scaled outcome is still a continuous variable.

17The purpose of CHAMP was to replace monthly chapter reporting. This information sharing and
how it was used was critical in supporting chapter performance. Using CHAMP, chapter Presidents
could have their entire teams contribute activities, which would only need to be reviewed by Presidents
with a quick skim and click to approve. It also allowed archiving, tracking against plans and goals,
etc. In a reply to a question about CHAMP, George Roter (co-CEO of EWB) wrote:

“The result [of using CHAMP] was improved chapter support, and certainly meant
staff were spending their time better. I would say CHAMP was one important reason
for chapters having reached their peak in activity levels and capacity.”

Unfortunately, due to several challenges such as rigidity in terms of indicators and activities, lack of
user-friendly input environment, and fundamental internal changes in strategy and direction of EWB,
CHAMP was abandoned toward the end of 2010 by National Office, although some chapters kept
using it even 2 years after it was abandoned.
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3.2.2. Fundraising Activities. The other sources of data, are several websites that have
been used for running EWB’s fundraising campaigns since 2010. By participating in
several campaigns such as Run to End Poverty, Dream campaign or “Everyday Innova-
tion” Holiday Campaign, EWB members have raised funds to support both Canadian
and African programs. Members may sign up for these campaigns individually or as
part of team, and depending on the nature of the activity, they may create a page
with their personal statements of why they support EWB. To raise funds, they send
several emails inviting their friends and family to contribute to their campaign. The
information from these websites has been aggregated through a platform that tracks
the number of emails individuals sent for each campaign, how many visits their page
got, how many people donated and how much and much more. In order to estimate
the parameters of the structural model using this data, the “total number of emails”
is used as a proxy for individuals’ effort, and the “total money raised” is used as a
measure of outcome or benefit from this activity and effort.

The characteristics of the networks used in estimating the parameters of the model
are listed in table 3 for both the Engagement and the Fundraising datasets.

Table 3. Characteristics of Networks used in Engagement and Campaign datasets

Netwok Variables:
Network Avg Degree Diameter Avg Path Length Density Transitivity

Engagement Dataset
Messages 7.748 7 3.08 0.01 0.20
Threaded Comments 46.38 6 2.23 0.07 0.40
Group Membership 75.41 4 2.04 0.10 0.41

Campaign Dataset
Messages 6.44 9 3.4 0.01 0.20
Threaded Comments 33.64 5 2.33 0.06 0.40
Group Membership 69.93 4 2.08 0.10 0.46

3.2.3. General Activities. Additionally, by combining several data files, three addi-
tional proxies of effort variable are constructed: (1) group membership, (2) total number
of logins into myewb, as well as (3) total number of national conferences that individuals
have participated in. These variables are not associated with a direct benefit variable,
but still could be used to estimate the best response equation and shed light on how
different friendship networks impact members effort and participation levels measured
using these variables. The following table summarizes the variables used to estimate
the structural model.
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Table 4. Effort and Outcome Variables

Activity Effort Outcome
Engagement Activities Total Hours Volunteered Scaled Outcomes
Online Fundraising Campaigns Total Emails Sent Total Amount Raised

Total Group Membership
General Activities Total Login in myEWB N.A.

Total Conferences Attended

4. Empirical Strategy and Exclusion Restriction

Previously, I argued that in order to separately recover the impact of the two net-
work effects – the strategic interaction and the direct spillover term in the structural
model, the best response equation needs to be estimated simultaneously with the bene-
fit equation. However, the main problems in estimating the parameters of the following
model:

ei = α

π
xi + γ

π

N∑
j=1

gijej + ηi
π

(4.1)

Bi(ei, e−i, g) = πe2
i + λ

N∑
j=1

gijej + δxi + εi(4.2)

assuming:

E[εi|xi,G] = 0 E[ηi|xi,G] = 0

is the endogeneity of the effort variable in the best response equation as well as the po-
tential correlation between the unobservables and the friends’ efforts in both equations
(i.e. cov(∑N

j=1 gijej, ηi) 6= 0, cov(∑N
j=1 gijej, εi) 6= 0, and cov(ei, εi) 6= 0). Therefore, the

instruments need to satisfy:

E[ε|z,G] = 0 E[η|z,G] = 0(4.3)

One novel approach to address this problem is proposed by Bramoulle et al (2009),
who use the exogenous network structure and the variation in the reference groups of
individuals to find valid instruments for the endogenous variables (e.g. effort variable
here). They show that in the absence of correlated effects, under certain conditions on
the network structure18, covariates of friends of friends, friends of friends of friends, etc
could be used as valid instruments for the endogenous variable. The intuition is that
friends of friends who are not directly friends with an individual, indirectly influence
him through their impact on his friends’ decisions. However, the main problem with this
18Bramoulle et al (2009) show that as long as I,G,G2 are linearly independent matrices,
{G2X,G3X, ...} can be used as instruments for Gy, where X is a vector of individual characteris-
tics and y is the choice or outcome variable.
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strategy is the potential presence of unobserved correlated effects between individuals
and their friends’ and friends of friends’ characteristics. Therefore, to credibly estimate
the structural model, another source of exogenous variation that is not correlated with
the error terms is needed to be used as an instrument for the endogenous variable.

The main source of exogenous variation which I use in this paper is the variation
in the location of EWB’s national conference each year, and how the distance from
the national conference venue impacts the participation of new members in this event.
National conference of Engineers Without Borders is the biggest and most important
event of the year that between 500 to 1000 members, featuring several world class
speakers and many parallel sessions and workshops. Although new members could join
EWB at any time, most of them join the student chapters in September, as there is a
big member recruitment effort at beginning of the school year. However, the location
of the national conference (that changes every year) is decided by the national office of
EWB and is announced late October, or early November. Therefore, it is reasonable
to assume that the location of the national conference and individuals’ distance to this
event is orthogonal to members’ unobserved characteristics. To show that notice that
there is no correlation between a new member’s month of joining EWB and his distance
to the national conference in the first year, as presented in figure 4(C). In addition, the
pattern of the month joined EWB is the same across people who attended the national
conference in the first year and those who did not as seen in figure 4(A) and 4(B).

Attending the national conference and being exposed to such a high energy environ-
ments, specially in the first year of joining the organization, has two main impacts on
individuals; on the one hand, it educates and motivates individuals, which could have
a direct effect on their future choice of effort and participation in different activities.
Furthermore, through meeting hundreds of other members from across the country,
their social connections and networks become vastly different from individuals who did
not attend the conference, creating exogenous variation in their social connections that
goes beyond individuals they initially met at their university chapters. Therefore, since
the location of national conference is exogenously determined and is uncorrelated with
the characteristics of new members (exclusion restriction), the distance to the confer-
ence in the first year of joining EWB is used as an instrument for the endogenous effort
variable.

Table 5, provides evidence that the distance to the national conference venue is sig-
nificantly and negatively correlated with the dummy variable for attending the national
conference in the first year of joining EWB even after controlling for several individual
characteristics. Additionally, national conference has a direct impact on individuals’
choice of effort and participation levels. This is shown in figures (2) and (3) which
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present the relationship between various effort variables such as group membership,
total numbers of login, and total national conference attendance for individuals who
attended the national conference in the first year, and those who did not.

Table 5. Probit regression estimation of the binary variable for attend-
ing the conference in the first year of joining EWB on the distance to
the national conference.

Dependent variable:
Binary variable for attending

National Conference in the first year
(1) (2)

Distance to −0.222∗∗∗ −0.392∗∗∗

National Conference (0.064) (0.094)

Controls no yes
Observations 21,067 8,679
Log Likelihood −6,681.275 −3,270.066

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Although attending the national conference at any time could have an impact on
the individual, I only use the distance to the conference in the first year of joining
EWB in this study. The intuition is that since, in the first year, an individual does
not know much about the organization or the national conference, one of the main
deciding factors in attending the conference is the distance and the financial cost of
attending this event, specifically because of huge variations in the travel cost across
Canada. However, later on, they may attend the conference because they have heard
a lot about it, or that they have learned more about EWB and want to participate
more, or simply because their friends are attending the conference. Therefore, their
reason for attending the conference in the subsequent years of being a member, might
be correlated with their unobserved characteristics19.

In addition to the distance from the national conference, the size and the character-
istics of the chapter that organized the conference in a particular year can have a direct
impact on the quality and the size of the conference. A bigger chapter has more re-
sources to fundraise or might have connections to better speakers. This could result in
a higher quality conference, which in turn could indirectly impact the engagement and
19 Furthermore, there is a small number of subsidies that each chapter can allocate to individuals who
intend to attend the conference from chapters further from the conference location. These subsidies
cover a portion of the travel costs and are distributed mostly on a first come first served manner. These
subsidies effectively reduce the distance to the conference and could result in an under-estimation of
the parameters of the model when distance is used as an instrument. Unfortunately, I do not have the
list of members who received these subsidies in different years, but as mentioned, this information if
available would only strengthen the results, since I am basically assuming that the distance is larger
than it actually is.
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participation levels of the attendees after the conference and in future years. There-
fore, in addition to the distance from the national conference in the first year of joining
EWB, I use dummies for the location of the national conference as instruments for the
endogenous variable. The location dummy for a national conference city is equal to
one if the individual attended the conference in his/her first year in a particular city,
and zero otherwise20.

To summarize, the key exclusion restriction assumption is that the distance from the
national conference venue as well as dummies for the location of the national confer-
ence21 in the first year of joining EWB are uncorrelated with own and friends’ unobserv-
ables (i.e. the error term in the best response equation, ηi, and benefit equation, εi) and
any other correlated effects and could be used as valid instruments for own effort level.
More precisely, for a given exogenous variable z, such that E[ε|z,G] = 0, E[η|z,G] = 0,
this exclusion restriction implies that:

cov(Gz, η) = 0, cov(G2z, η) = 0(4.4)

cov(Gz, ε) = 0, cov(G2z, ε) = 0(4.5)

where Gz is the average of i’s friends’ z (i.e. the national conference distance or the
location dummies in the first year), and G2z is the average of i’s friends of friends’ z.
Therefore, I use friends’ distance and national conference location dummies
(Gz), as well as friends of friends’ distance and national conference location
dummies in their first year (G2z) as instruments for friends’ effort22. The results
from estimating the best response equation as well as the benefit equation for various
online and offline networks are presented in the next section.

5. Results

In this section, I present the results of estimating the structural model. Initially, I
discuss the results of estimating the best response equation for the three general effort
variables for which there is no associated outcome variable (i.e. the general activities
in table 3). Estimating the model using these three variables only recovers the reduced
form parameters that are mostly talked about in the educational peer effect literature.
20The locations dummies for an agent may not add up to one. That is only the case when the individual
attended the national conference in the first year of joining the organization.
21There are 6 national conference location dummies: (1) Toronto, (2) Montreal, (3) Vancouver, (4)
St. Johns, (5) Calgary, (6) Ottawa.
22The exogenous instruments (i.e. distance and location dummies) are combined with the approach
from Bramoulle at al (2009). This is because the exogeneity assumption of these instruments is
consistent with their assumption of the absence of the correlated effects across individuals’ covariates.
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Then I present the results of estimating the full structural model using engagement
(CHAMP) activities as well as the online peer to peer fundraising campaigns discussed
in the data section.

5.1. Estimates of Best Response Equation. In this section the best response equa-
tion

ei = α

π
xi + γ

π

N∑
j=1

gijej + ηi
π

is estimated using three different effort variables: (1) total group membership, (2)
total number of logins, and (3) total conferences that individuals have attended, and
three different networks, namely, messages network, threaded comments network, group
membership networks. These estimations rely on the exclusion restriction described in
the previous section. In particular, I use subsets of the following instruments for the
term ∑N

j=1 gijej: (1) friend’s distance (Gs), (2) friends’ of friends distance (G2s), (3)
friends’ of friends’ friends’ distance (G3s) to the national conference in the first year
of joining EWB, as well as (4) friend’s (Gl), (5) friends’ of friends(G2l), (6) friends’ of
friends’ friends’ city (G3l) of national conference in their first year in the organization.
This model is over identified, enabling me to perform over identification test to verify
the internal validity of instruments.

Table 7, reports the results of estimation of Equation (2.4) for the messages network.
Column 1-3 are the OLS (without instruments), 2SLS and GMM results for the group
membership effort variable, while column 4-6 and 7-9 present estimated coefficients for
the total number of logins and total conferences effort variables respectively. For ease
of comparison across three variables, the coefficient of peer effect is standardized. The
results show a positive and significant relationship between the average of friends’ effort
and own effort in each category, controlling for observed individual characteristics, such
as age, gender, language, etc as well as city fixed effects. The standard error term,
indicated in parenthesis, are also clustered at the city level. Notice that all estimates
are between 0.28 and 0.41 and are significant at the 0.001 level

The coefficients of the average of friends’ effort are always positive, indicating that
the game between individuals is one of strategic complementarities. In other words,
a standard deviation in the average of an individuals’ peers’ effort level increases own
effort levels by 0.44, 0.52 and 0.39 standard deviation for group membership, total
number of logins and total conferences respectively, if his peer group is defined based
on the direct messages he has sent or received from other members. The mean and
standard deviation of these variables are given in table 8. For example, if one’s friends
join 40 new groups on average, he would join 15 new groups.
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In all specifications in table 7, age is negatively and significantly correlated with own
effort. Being male is only positive and significant in the OLS and IV estimations when
the effort variable of interest is total number of logins. Additionally, the coefficients of
being student are usually negative and significant expect when the variable of interest
is total conference attendance. Whereas, both studying and working is positively and
significantly correlated with own effort (exempt for total login variable). The reason
behind this could that individuals who both study and work have been members of the
organization for a long time, i.e. during university, and after graduation, hence, they
are member of more groups and may have attended more conferences. In addition, the
number of new members in the first year of joining EWB is positively and significantly
correlated with own effort (except for the total conference variable). Lastly, note that
the coefficient of the distance to the national conference in the first year of joining
EWB is not significant after controlling for average of friends’ effort and including city
fixed effects.

Table 9 summarizes the estimation of the best response equation using messages,
threaded comments and group membership networks. The estimated coefficients of
the average friends’ effort are larger, and still significant, for the group membership
network for all effort variables. Remember, the definition of social ties in the group
membership network is based on common offline activities, suggesting that friendships
and connections based on activities that require in person interactions could have a
larger impact on individuals choices and effort levels.

The first stage F-statistic and R2 as well as the p-value of the J-test for all the
specifications are reported at the bottom of each panel in table 9. In all estimations,
I reject the null hypothesis of weak instruments. Additionally, since the p-value of the
J-test from the optimal GMM estimator is always greater than 0.1, the null hypothesis
that all instruments are valid is never rejected. Finally, since there are no specific out-
come variables associated with these three effort variables, the benefit equation cannot
be estimated. However, in the next section, using data from engagement (CHAMP)
and campaign datasets, I estimate both equations simultaneously to recover all the
parameters of the structural model.
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5.2. Estimating the effort choice and outcome equations simultaneously. In
this section, using the effort and outcome variables in two different categories of activ-
ities, i.e. engagement and fundraising activities, I estimate the full structural model.

ei = α

π
xi + γ

π

N∑
j=1

gijej + ηi
π

(5.1)

Bi(ei, e−i, g) = πe2
i + λ

N∑
j=1

gijej + δxi + εi(5.2)

In addition to the variables previously stated (i.e. Gs, G2s, G3s and Gl, G2l, G3l)
to instrument for Ge, I used elements of x′ixi as instruments for e2

i . Note that this
relies on assumptions on the functional form of this structural model.

5.2.1. Engagement Activities. The CHAMP dataset contains information on off-line
member engagement activities that individuals organize. For each of activity, the
person(s) in charge of organizing the event has(have) collected total hours they spend
organizing the event, as well as the outcome of that event. Since these activities range
from member learning to functioning to fundraising events, I define different outcomes
variables for each category23. For example, the outcome for a member learning activity
is defined to be total number of participants, while the outcome of a fundraising event
is total amount raised. A member may be engaged in several activities, hence, to get
an aggregate measure of outcomes from several activities, I scale all outcome variables
between 1 and 10, while retaining rank order and the relative size of separation between
these values24.

Table 10 presents the jointly estimated standardized coefficients25 of the best re-
sponse and the benefit equations for the three different networks. The first 3 columns
show the OLS, 2SLS and GMM results for the best response equation where the coef-
ficient on the average of peers’ hours is ˆ̄γ 26. Additionally, columns (4)-(6) present the
OLS, 2SLS and GMM estimated coefficients of the benefit equation 5.2. The GMM
coefficients reported in column (3) and (6) are estimated simultaneously as a system,
which increases the efficiency since this system imposes several cross-equation restric-
tions dues to their join dependence on the parameters of the model. As a result,
the system GMM estimates in table 10 are usually more precisely estimated than the
2SLS coefficients. This is due to the fact that GMM makes use of the orthogonality

23These categories are: (1) Member learning, (2) Functioning, (3) Fundraising, (4) Curriculum en-
hancement (5) Publication (6) Public Engagement (7) School outreach (8) Workplace outreach.
24The scaling function that has been used is : (b−a)(x−min(x))

max(x)−min(x) + a, where a = 1, b = 10.
25i.e. the variables are standardized to have mean of 0 and standard devotion of 1.
26Recall γ̄ = γ

π .
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conditions to allow for efficient estimation in the presence of heteroskedasticity of un-
known form27. All specifications include individual characteristics such as gender, age,
language, etc as controls as well as city fixed effects and clustered errors.

The estimated coefficients of γ̄ in Equation (2.4) using 2SLS and GMM are signifi-
cant and rather precisely estimated for the messages and threaded comments network,
and since they are positive, once again we can infer the peer effect game is one of
strategic complementarities: an increase in the total hours of volunteered by one’s
peers on average, increases his own time spent volunteering. For instant, a 10-hour in-
crease in the average of peers’ total hours volunteers corresponds to 2.5 hours of extra
volunteering by an individual when his peer group is defined based on the threaded
comments network. Interestingly however, the corresponding coefficient is not signifi-
cant for the group membership network (the definition of links is based on membership
in offline groups). In other words, there is no evidence that individuals’ choice of action
is strategically influenced by their peers in this network when we control for individ-
ual characteristics and city fixed effects. Only when the definition of a link is based
on participation in different threaded conversations or the online messages that they
send to each other, members seem to be moderately influenced by their peers. This
could partly be due to the fact that individuals decide, in the threaded comments,
what topics of conversations to join and share common interest, and might therefore
be more similar, whereas membership in offline groups and participation in other in-
person activities mostly depend on their chapter’s overall agenda as apposed to their
own interest28. Additionally, in the messages network, the links are based on the mes-
sages that members sent to each other, who might work together on several member
engagement activities, and hence their choice of effort is influenced by how much their
friends contribute.

In contrast, the estimated values of λ and π, i.e. the spillover effect in equation 5.2
and the coefficient of own effort squared (the marginal cost parameter) respectively,
are always positive and significant, indicating that both the average of peers’ effort and
own effort has a positive direct spillover effect on own outcome. The GMM estimate of
the direct spillover term is the largest for the threaded comments network and smallest
for the group membership network. The larger positive spillover in the online networks

27Although the consistency of the IV coefficient estimates is not affected by the presence of het-
eroskedasticity, the standard IV estimates of the standard errors are inconsistent, preventing valid
inference. For more detail discussion see: Baum, Christopher F., Mark E. Schaffer, and Steven Still-
man. “Instrumental variables and GMM: Estimation and testing.” Stata Journal 3.1 (2003): 1-31.
28In a very influential and extensive study by Katz and Lazarsfeld (1955), they found evidence that
individuals were mostly influenced by others who were similar to themselves in terms of social status
and other characteristics. Additionally, Meer (2010) provides evidence that peer pressure is stronger
when friends share similar characteristics.
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indicates, once more, that the relations defined based on online interactions among
members have a higher effect on their outcome in addition to their own choices. In
the threaded comments network, a standard deviation increase in the average of peers’
effort causes 0.5 standard deviation increase in the outcome from a member engagement
activity. Note that π is reassuringly positive and significant for all networks, indicating
a positive marginal cost of exerting effort by individuals. Finally, note that the F-
statistics from the first stage rejects the weak instruments null for both estimated γ̄

and λ. The p-value of the system GMM also indicates that the over-identification
restriction is valid.

5.2.2. Online Fundraising Activities. The second dataset that makes possible the esti-
mation of the best response and the benefit equations simultaneously, is the online peer
to peer fundraising campaign dataset. Note that the information on online activities
differs from the engagement dataset that is based on off-line activities. This dataset
contains information on the number of emails that individuals participating in these
campaigns have sent to their friends and family, inviting them to contribute to their
campaign finically and support EWB. It also contains information on the amount of
donations they have received. Therefore, I construct standardized variable using the
number of emails and total amount raised as proxies for the effort and the outcome
variables respectively. As before, I use three different definitions of networks (individ-
ual specific peer group) in calculating the average of friends’ effort levels. Additionally,
individual characteristics such as gender, age, language, etc and city fixed effects are
included in all of the following specifications. The errors are also clustered at the city
level. The results are summarized in table 11.

The estimation results of the best response equation show positive and significant
values for the γ̄ parameter, indicating, once more, a game of strategic complementaries
for all networks. The values of the coefficients ranges between 0.13 for the group
membership network, to 0.2 for the threaded comments network. For example, in
the threaded comments network, a member would send 10 more emails, if his peers on
average send 40 more emails. As in the engagement activities, the coefficient of strategic
complementarily is largest for the online networks. However, here the coefficient of
strategic interaction is significant for the group membership network. This might
be due to the fact that individuals may interact more frequently with others who
participate in the same groups and activities, and seeing that their friends are putting
more effort and raising more money, encourages them to exert more effort themselves.
It could also be related to “social image” or “status”, since no one would like to be
the person who raised the least amount of money, therefore, seeing their friends exert
more effort would encourage them to try harder.
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In contrast to the engagement activities (table 10), except for the group membership
network, there is no evidence of the direct spillover effect in online fundraising activities:
for both of the online networks, the coefficient λ is insignificant for all specifications
and sometimes negative. This is perhaps not too surprising: although all the proceeds
from the donations goes to Engineers without Borders, each individual is fundraising for
their own campaign, therefore, unlike the engagement activities in the CHAMP dataset,
their efforts may not contribute to the outcome of their friends’ campaigns. That said,
since the definition of links and friendships in the group membership network is based
on offline and in person interactions, and also since this network exhibits higher link
density and transitivity (0.10 and 0.46 respectively) and includes bigger peers groups on
average (average degree of 70), the more effort members exert in their own fundraising
campaigns may raise more awareness and hype around this massive fundraising event
in their community, and therefore positively contribute to their peers’s campaigns.

Also, note that the first stage F-statistics and R2 are listed at the bottom of each
panel in Table 11, and reject the weak instruments null for both the average of friends’
efforts, ∑

gijej and e2
i . The p-value of the J-test also validates the over identification

restrictions.

5.3. Summary. As discussed in section 2, using the estimated π, the value of the
parameter γ is recovered from the estimated γ̄. These values, combined with estimated
λ, are reported in table 12 for both the engagement and online fundraising activities.

In the engagement activities, we see that the two online networks exhibits medium
levels of strategic peer effects (γ̄ ≈ 0.2). For instant, in the messages network, when an
individual’s peers, on average, volunteer 10 more hours, he would spend roughly 3.25
hours more volunteering. In addition, an hour increase in the average of peers’ effort,
increases the marginal payoff directly by γ = 0.20 units. Furthermore, we always see
a significant and positive direct spillover effects, indicating that a standard deviation
increase in volunteer activity by the average of an individual’s friends, increases the
outcome by 0.2 to 0.5 standard deviation.

In the fundraising activities, the online networks exhibit larger coefficients of strate-
gic complementarities as in the engagement activities with similar values. However,
as discussed earlier, only the group membership network exhibits positive spillovers.
In the group membership network, if an individual’s peers on average send 100 more
emails, he would send 45 extra emails (strategic complementarities); additionally, these
100 extra emails sent by his peers on average, contributes 556$ directly to his fundrais-
ing outcome (direct spillover).
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6. Robustness Checks

In this section, I present three different robustness checks: (1) based on alternative
definition of networks, and (2) using average of friends’ of friends’ covariates as instru-
ments for average friends’ efforts suggested by Bramoulle et al (2009) (3) using random
networks among members.

6.1. Alternative Group Membership Networks. As first set of robustness checks,
I use two alternative definitions for the group membership network. Initially, I relax
the assumption about the size of the groups that individuals are members of from
being smaller than 50 to smaller than 100. This means that any two individuals
who are members of at least one common group of size 100 or smaller are defined to
be connected in this network. Second, I use a more stringent requirement for being
connected in the group membership network: for two individuals to be considered
linked, they have to be members of at least 3 common groups of size 50 or less (in the
default group membership network, individuals are linked in they at least one group
of size 50 or smaller in common). The results of estimating the full model, using both
the CHAMP and Campaign dataset with the two new networks are presented in tables
15 and 16. For ease of referring to these alternative network definitions, from now on,
“G100” refers to the group membership < 100 network and “G50-3” refers to the group
membership < 50 network with at least 3 groups in common.

In engagement activities (CHAMP), the estimated coefficients using both G100 and
G50-3 networks present no evidence of strategic complementarities and very little ev-
idence for the presence of the direct spillover effect. This is similar to the baseline
group membership results that showed no sign strategic complementarities, and had
the smallest coefficients of direct spillover compared to the other two online networks.
In the G50-3 network, although insignificant, the coefficient of the interaction term is
actually negative, signalling that there might be some substitution among individuals
who interact very regularly. Additionally, one reason for the insignificant estimated λ

using G50-3 might be because of the smaller average peer group size (average degree
is 21 and 75 for the G50-3 and the default network respectively).

In G100 network, the estimated coefficients of direct spillover and strategic network
effects are both insignificant. This might be due to several factors, firstly, a member’s
peer group is defined very loosely in this network, and secondly, the impact from these
activities is mostly realized in the long run, therefore, there is no reason to expect that
individuals are influenced strategically by members with whom they hardly interact.
Also these individuals might be involved in different activities that has very little in
common with what they do.
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The results of a similar estimation using peer to peer fundraising campaigns is pre-
sented in table 16. As in the default group membership network, both the coefficients
of strategic complementarity and direct spillover in G100 are significant. Interestingly,
in G100, the coefficient of strategic complementarity is greater than the baseline group
membership network, supporting the idea that competition to raise more money and
“social image and status” among acquaintances could encourage members to put more
efforts if they observe others are trying harder29. In the G50-3 network, the coefficient
of strategic complementarity is also positive and significant and slightly larger than
the baseline network. However, there is no evidence for the direct spillover effect.

The characteristics of G100 and G50-3 are listed in table 6 for both datasets.
Table 6. Group Membership Networks Characteristics

Netwok Variables:
Network Avg Degree Diameter Avg Path Length Density Transitivity

Champ Dataset
Default G 75.41 4 2.04 0.10 0.41
G100 252.81 4 1.68 0.33 0.63
G50-3 21.79 5 2.72 0.03 0.43

Campaign Dataset
Default G 69.93 4 2.08 0.10 0.46
G100 188.87 4 1.79 0.26 0.41
G50-3 15.93 7 2.90 0.02 0.37

6.2. Robustness Checks Using Friends’ of Friends’ Covariates as IV.
As discussed in the empirical strategy section, Bramoulle et al (2009) present a novel

approach to address the reflection problem, specially in the absent of the correlated
effects: under certain conditions on the structure of the network, they propose to use
the covariates (e.g. age, gender, language, etc) of friend’s of friends who are not directly
friend with an individual as instruments for his friend’s efforts. Since the assumption
of no correlated effect is a strong one, these instruments have not been used in the
main specifications of this paper, allowing for potential unobserved correlations among
individuals’ characteristics. However, in this section I use these instruments30 as a
robustness check, assuming the absence of the correlated effects. The results for the
engagement and fundraising activities are presented in tables 17 and 18 respectively.
29This is in contrast to the engagement activities where members are involved in several different
activities. In fundraising campaigns, all individuals are raising money. Therefore, competition may
play a stronger role here than the engagement activities, specially that individuals who raise more
money are recognized by the national office of EWB as champions.
30Namely, friends’ of friends’ and friends’ of friends’ of friends’ average gender, age, language, number
of new members in their chapter when they joined and student or work dummies are used as instrument
of average of friends’ efforts. Note that distance to national conference and location dummies for
national conference in the first year are not used here.
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In the engagement activities (CHAMP), the estimated coefficients of all the pa-
rameters of the model are positive and significant using both IV (except γ̄ in the
messages network) and system GMM. Additionally, both γ̄ and λ estimated here using
these new instruments (that potentially violate the correlated effects assumption) are
slightly larger than using the exogenous instruments of distance to and the location
of the national conference in the first year of joining EWB. This indicates that these
instruments potentially over estimate the parameters of the model, because of the cor-
relation between an individual’s own characteristics (that contributes to his choice of
effort) and his friends’ friends and their friends’ covariates. Said differently, it would be
hard to argue that the unobserved characteristics of an individuals’ friends of friends
who are not directly his friends are orthogonal to his, hence, violating the assump-
tion of the exogeneity of these instruments. Note that even the coefficient of strategic
complementarities is positive and significant for the group membership network.

Similarly, the predicted coefficients using fundraising campaigns are generally larger
here than those in the baseline case, and the system GMM estimator predicts significant
values of strategic complementary for all of the networks as well as positive significant
coefficient of direct spillover for the threaded comments and group membership net-
works. This could again be due the fact that using friends of friends’ covariates, which
in principle could be correlated with own unobservables, as instruments for friends’
efforts is picking out the effect of some unobserved correlated factors through friends
of friends’ covariates as apposed to the effect of the average of friends’ efforts on own
outcome. Nonetheless, it is reassuring that the predicted coefficient using these instru-
ments have the same sign and relatively similar (larger) values in both the Champ and
the Campaign dataset.

7. Conclusion

I present a structural model of social interactions in which individuals’ choices depend
on their own characteristics as well as their peers’ actions both directly and through an
interaction term. Using a unique dataset, which I construct from raw data collected by
Engineers Without Borders on their membership activities, I provide precise predictions
for the coefficient of the model by simultaneously estimating the best response and the
equilibrium level benefit equation. To do this, I exploit exogenous variation in the
network structure as well as the distance of new members to the national conference
of EWB, to instrument for endogenous variables. The network structure was defined
using detailed data on members interactions with each other through several online
and offline channels, and enabled me to contrast the impact of different networks on
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individuals choices and outcomes. In addition, the dataset contains information on
both time intensive activities as well as peer to peer fundraising campaigns.

The results reveal several important aspects of social interactions and network ef-
fects. In member engagement activities, strategic complementarities are only present
when the peer group is defined based on individuals (potentially) sharing common in-
terests. A direct and positively significant spillover effect is always present regardless
of the definition of networks in these activities. In contrast, in the peer to peer online
fundraising campaigns, the coefficient of strategic interactions is always significant and
positive, indicating the presence of strategic complementarities, while there is only ev-
idence for direct spillover effects in larger networks when the peer group includes an
individual’s acquaintances as well as his close friends. Observing large coefficients of
strategic complementarity in peer to peer fundraising campaigns points to the fact that
an individual is influenced nontrivially by his peer group, which could be due to social
image or social recognition. Finally, in no specification I find evidence for strategic
substitution among agent’s actions. This is in contrast to public good models that
exhibit the free-riding problem.

In conclusion, the contributions of this paper are threefold: I (1) construct a unique
dataset with both offline and online social network interactions among individuals, (2)
separately recover the impact of the two network effects – the strategic interaction and
the direct spillover term in the structural model by using two (instead of one) equations
due to the richness of the data that includes proxies for outcome variable as well as
effort variable, (3) the identification strategy is based on both exogenous instruments
and the network structure. This methodology emphasizes the need for a structural
model to correctly interpret the estimates within a strategic model of interactions
with agent specific peer groups and highlights the importance of the network effects.
It also suggests that individuals may not internalize the positive externalities and full
network effects when playing best response, leading to under-provision of effort and thus
public good. Therefore, more active investment in understanding the networks among
members of an organization and their incentives could potentially lead to improvements
and efficiency gains.
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Table 8. Mean and Standard Deviation for the General Effort Variables

Model Variable:
total group average peer total average peer total average peer
membership groups logins logins conferences conferences

‘ Messages Network
Mean 30.31 50.88 117.94 286.16 1.55 2.48
Std. Dev. 34.35 39.88 331.62 462.81 1.84 2.01

Threaded Comments Network
Mean 36.60 67.47 144.72 488.15 1.75 3.23
Std. Dev. 33.28 27.44 301.65 393.19 1.81 1.27

Group Membership Network
Mean 20.55 37.31 63.63 166.17 0.89 1.67
Std. Dev. 25.80 12.72 249.62 132.04 1.41 0.72
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Table 9. Best Response Equation - Summary Results for all Network
with City FE and Clustered Errors with Standardized Coefficients

Dependent variable:
group group group login login login conference conference conference
OLS 2SLS GMM OLS 2SLS GMM OLS 2SLS GMM
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Messages Network
average peer 0.278∗∗ 0.370∗∗∗ 0.374∗∗∗

groups (0.087) (0.076) (0.077)

average peer 0.304 0.425∗∗∗ 0.356∗∗∗

logins (0.163) (0.116) (0.055)

average peer 0.283∗∗∗ 0.339∗∗∗ 0.341∗∗∗

conference (0.074) (0.083) (0.086)
Obs 1,071 1,071 1,071 1,071 1,071 1,071 1,071 1,071 1,071
FS F-stat 27.41∗∗∗ 11.10∗∗∗ 63.74∗∗∗

FS R2 0.37 0.14 0.48
J test 8.91 3.99 9.26
p-value 0.25 0.78 0.23

Threaded Comments Network
average peer 0.119∗∗ 0.226∗∗∗ 0.217∗∗∗

groups (0.039) (0.063) (0.065)

average peer 0.021 0.201∗∗∗ 0.220∗∗∗

logins (0.038) (0.054) (0.055)

average peer 0.196∗∗∗ 0.216∗∗∗ 0.199∗∗∗

conference (0.032) (0.050) (0.062)
Obs 1,427 1,427 1,427 1,427 1,427 1,427 1,427 1,427 1,427
FS F-stat 20.60∗∗∗ 18.41∗∗∗ 22.67∗∗∗

FS R2 0.14 0.12 0.26
J test 1.29 1.27 1.37
p-value 0.26 0.26 0.24

Group Membership Network
average peer 0.259∗∗∗ 0.426∗∗∗ 0.442∗∗∗

groups (0.036) (0.060) (0.046)

average peer 0.429∗ 0.376∗ 0.403∗∗∗

logins (0.203) (0.150) (0.110)

average peer 0.435∗∗∗ 0.511∗∗∗ 0.553∗∗∗

conference (0.020) (0.033) (0.030)
Obs 3461 3461 3461 3461 3461 3461 3461 3461 3461
FS F-stat 31.62∗∗∗ 12.76∗∗∗ 81.67∗∗∗

FS R2 0.42 0.30 0.60
J test 0.19 0.18 0.10
p-value 0.66 0.66 0.75

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table 10. Estimation of Structural Model With Engagement Data
(CHAMP), with Standardized Coefficients

Dependent variable:
total effort outcome

OLS 2SLS sys GMM OLS 2SLS sys GMM
(1) (2) (3) (4) (5) (6)

Messages Network
total hours π = 0.315∗ 0.565 0.543∗∗∗

squared (0.112) (0.303) (0.140)

average peer γ̄ =0.112 0.233∗ 0.239∗∗ λ = 0.195∗ 0.373∗∗∗ 0.325∗∗∗

hours (0.079) (0.098) (0.074) (0.080) (0.094) (0.071)

Observations 361 361 361 361 361 361
J test 41.69
p-value 0.014

First Stage Statistics for total hours squared
First Stage F Stat 42.950∗∗

First Stage R2 0.081
First Stage Statistics for average peer hours

First Stage F Stat 31.236∗∗∗ 46.010∗∗∗

First Stage R2 0.415 0.475
Threaded Comments Network

total hours π = 0.303∗ 0.385 0.301∗

squared (0.115) (0.221) ( 0.118)

average peer γ̄ = 0.073 0.190∗∗ 0.188∗∗∗ λ =0.225∗∗∗ 0.508∗∗∗ 0.499∗∗∗

hours (0.038) (0.060) (0.037) (0.039) (0.091) (0.083)

Observations 405 405 405 405 405 405
J test 34.86
p-value 0.28

First Stage Statistics for total hours squared
First Stage F Stat 11.005∗∗∗

First Stage R2 0.067
First Stage Statistics for average peer hours

First Stage F Stat 95.45∗∗∗ 35.588∗∗∗

First Stage R2 0.288 0.226
Group Membership Network

total hours π = 0.325∗ 0.609 0.637∗∗∗

squared (0.120) (0.325) (0.157)

average peer γ̄ = 0.020 −0.026 0.022 λ = 0.258∗∗∗ 0.299∗ 0.209∗∗∗

hours (0.093) (0.098) ( 0.047) (0.068) (0.130) (0.059)

Observations 499 499 499 499 499 499
J test 17.467
p-value 0.356

First Stage Statistics for total hours squared
First Stage F Stat 40.252∗∗∗

First Stage R2 0.075
First Stage Statistics for average peer hours

First Stage F Stat 42.352∗∗∗ 36.475∗∗∗

First Stage R2 0.311 0.313

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table 11. Estimation of Structural Model With Campaign Data, With
Standardized Coefficients

Dependent variable:
total emails Total Amount Raised

OLS 2SLS sys GMM OLS 2SLS sys GMM
(1) (2) (3) (4) (5) (6)

Messages Network
total emails π = 0.670∗∗∗ 0.570∗∗∗ 0.658∗∗∗

squared (0.050) (0.154) (0.139)

average peer γ̄ = 0.092 0.203∗ 0.170∗ λ = −0.048 0.040 0.149
emails (0.115) (0.082) (0.079) (0.075) (0.179) (0.078)

Observations 360 360 360 360 360 360
J test 36.05
p-value 0.141

First Stage Statistics for total emails squared
First Stage F Stat 182.946∗∗∗

First Stage R2 0.125
First Stage Statistics for average peer emails

First Stage F Stat 11.606∗∗∗ 298.97∗∗∗

First Stage R2 0.153 0.174

Threaded Comments Network
total emails π = 0.719∗∗∗ 0.520∗∗∗ 0.437∗∗∗

squared (0.040) (0.183) (0.108)

average peer γ̄ = 0.195∗∗∗ 0.229∗∗∗ 0.197∗∗ λ = −0.043 −0.034 0.084
emails (0.029) (0.094) (0.057) (0.074) (0.120) (0.079)

Observations 334 334 334 334 334 334
J test 37.67
p-value 0.225

First Stage Statistics for total emails squared
First Stage F Stat 299.55∗∗∗

First Stage R2 0.085
First Stage Statistics for average peer emails

First Stage F Stat 57.78∗∗∗ 225.28∗∗∗

First Stage R2 0.362 0.330
Group Membership Network

total emails π = 0.674∗∗∗ 0.643∗∗∗ 0.533∗∗∗

squared (0.049) (0.180) (0.086)

average peer γ̄ = 0.135∗ 0.205∗ 0.126∗ λ = 0.178∗∗ 0.218∗∗ 0.193∗∗

emails (0.057) (0.086) (0.048) (0.063) (0.069) (0.059)

Observations 426 426 426 426 426 426
J test 43.96
p-value 0.061

First Stage Statistics for total emails squared
First Stage F Stat 56.427∗∗∗

First Stage R2 0.085
First Stage Statistics for average peer emails

First Stage F Stat 53.941∗∗∗ 4491.49∗∗∗

First Stage R2 0.492 0.489

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table 12. Estimated Parameters of the Structural Model, with Standard-
ized Coefficients

Model Variable:
Networks γ̄ γ λ π

Strategic Direct MC of
Complementarities Spillover Effort

Engagement Activities:
Messages Network 0.239∗∗ 0.130∗∗ 0.325∗∗∗ 0.543∗∗

(0.074) (0.049) (0.071) (0.140)

Threaded Comments Network 0.188∗∗∗ 0.056∗ 0.499∗∗∗ 0.301∗

(0.037) (0.027) (0.083) ( 0.118)

Group Membership Network 0.022 0.014 0.209∗∗∗ 0.637∗∗∗

(0.047) (0.032) (0.059) ( 0.157)

Fundraising Activities:
Messages Network 0.170∗ 0.112 0.149 0.658∗∗∗

(0.079) (0.058) (0.078) (0.139)

Threaded Comments Network 0.197∗∗ 0.086∗∗ 0.084 0.437∗∗∗

(0.074) (0.028) (0.079) (0.108)

Group Membership Network 0.126∗ 0.067∗∗ 0.193∗∗ 0.533∗∗∗

(0.048) (0.021) (0.059) (0.086)

Note: System GMM estimated coefficients are used in this table.

Table 13. Mean and Standard Deviation for the model variables in En-
gagement data

Model Variable:
Outcome total hours total hours2 peers’ total hours

Messages Network
Mean 5.295 0.378 0.718 0.472
Std. Dev. 5.307 0.759 4.555 0.557

Threaded Comments Network
Mean 5.272 0.365 0.662 0.572
Std. Dev. 5.281 0.728 4.259 0.289

Group Membership Network
Mean 4.797 0.327 0.600 0.443
Std. Dev. 5.017 0.702 3.992 0.157

Note:Total hours is measured in 1000 hours.
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Table 14. Mean and Standard Deviation for the model variables in Cam-
paign data

Model Variable:
total amount total emails total email2 peers’ total emails

Messages Network
Mean 132.18 114.09 118932.2 170.59
Std. Dev. 2593.13 325.73 1022502 222.16

Threaded Comments Network
Mean 1421.01 127.53 136420.6 234.96
Std. Dev. 2635.34 346.98 1094850 265.4

Group Membership Network
Mean 1237.71 104.65 101541.1 160.19
Std. Dev. 2384.88 301.19 924206.7 85.72
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Table 15. Robustness Checks with Group Membership Networks,
CHAMP data with Standardized Coefficients

Dependent variable:
total effort outcome

OLS 2SLS sys GMM OLS 2SLS sys GMM
(1) (2) (3) (4) (5) (6)

Group Membership < 100 Network
total hours 0.307∗ 0.484 0.377∗∗

squared (0.117) (0.290) (0.114)

average peer 0.028 0.086 0.010 0.171∗∗ 0.193∗ 0.053
hours (0.065) (0.049) (0.037) (0.059) (0.092) (0.066)

First Stage Statistics for total hours squared
First Stage F Stat 140.0∗∗∗

First Stage R2 0.062
First Stage Statistics for average peer hours

First Stage F Stat 36.40∗∗∗ 856.58∗∗∗

First Stage R2 0.315 0.332
J test 38.025
p-value 0.050
Observations 507 507 507 507 507 507

Group Membership <50 Network, Common Groups ≥ 3
total hours 0.305∗ 0.492 0.581∗∗∗

squared (0.116) (0.283) (0.153)

average peer 0.011 −0.027 −0.006 0.096∗ 0.161 0.148
hours (0.039) (0.102) (0.061) (0.043) (0.114) (0.085)

First Stage Statistics for total hours squared
First Stage F Stat 34.063∗∗∗

First Stage R2 0.072
First Stage Statistics for average peer hours

First Stage F Stat 45.145∗∗∗ 35.998∗∗∗

First Stage R2 0.193 0.176
J test 44.48
p-value 0.06
Observations 472 472 472 472 472 472

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table 16. Robustness Checks with Group Membership Networks,
Campaign Data with Standardized Coefficients

Dependent variable:
total effort outcome

OLS 2SLS sys GMM OLS 2SLS sys GMM
(1) (2) (3) (4) (5) (6)

Group Membership < 100 Network
total email 0.652∗∗∗ 0.626∗∗∗ 0.684∗∗∗

squared (0.054) (0.175) (0.118)

average peer 0.152 0.218 0.229∗ 0.125 0.115 0.117∗

email (0.128) (0.164) (0.100) (0.087) (0.097) (0.045)

First Stage Statistics for total email squared
First Stage F Stat 167.92
First Stage R2 0.077

First Stage Statistics for average peer emails
First Stage F Stat 207.60∗∗∗ 959.96∗∗∗

First Stage R2 0.513 0.446
J test 48.94
p-value 0.03
Observations 437 437 437 437 437 437

Group Membership <50 Network, Common Groups ≥ 3
total email 0.691∗∗∗ 0.532∗∗ 0.498∗∗∗

squared (0.047) (0.218) (0.137)

average peer 0.192 0.442 0.186∗ 0.050 0.114 0.048
email (0.153) (0.236) (0.094) (0.038) (0.101) (0.080)

First Stage Statistics for total email squared
First Stage F Stat 12.770
First Stage R2 0.115

First Stage Statistics for average peer emails
First Stage F Stat 58.73∗∗∗ 183.35∗∗∗

First Stage R2 0.347 0.379
J test 35.28
p-value 0.08
Observations 381 381 381 381 381 381

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table 17. Robustness Checks Using Alternative Instruments (friends’
covariates), CHAMP Data with Standardized Coefficients

Dependent variable:
total hours outcome

OLS 2SLS sys GMM OLS 2SLS sys GMM
(1) (2) (3) (4) (5) (6)

Messages Network
total hours 0.315∗ 0.561∗ 0.574∗∗

squared (0.112) (0.268) (0.199)

average peer 0.112 0.235∗ 0.214∗∗ 0.195∗ 0.529∗∗∗ 0.438∗∗∗

hours (0.110) (0.167) (0.078) (0.080) (0.097) (0.075)

Observations 361 361 361 361 361 361
J test 58.55
p-value 0.023

First Stage Statistics for total hours squared
First Stage F Stat 53.471∗∗

First Stage R2 0.067
First Stage Statistics for average peer hours

First Stage F Stat 19.505∗∗∗ 559.66∗∗∗

First Stage R2 0.251 0.315
Threaded Comments Network

total hours 0.303∗ 0.301∗ 0.349∗∗

squared (0.115) (0.143) (0.111)

average peer 0.073 0.323∗∗∗ 0.278∗∗∗ 0.225∗∗∗ 0.504∗∗∗ 0.471∗∗∗

hours (0.038) (0.068) (0.055) (0.039) (0.082) (0.066)

Observations 405 405 405 405 405 405
J test 44.62
p-value 0.07

First Stage Statistics for total hours squared
First Stage F Stat 13.43∗∗∗

First Stage R2 0.054
First Stage Statistics for average peer hours

First Stage F Stat 18.658∗∗∗ 364.57∗∗∗

First Stage R2 0.169 0.308
Group 50 Network

total hours 0.326∗ 0.668∗ 0.808∗∗∗

squared (0.120) (0.300) (0.202)

average peer 0.020 0.302∗ 0.256∗∗ 0.258∗∗∗ 0.503∗∗∗ 0.405∗∗∗

hours (0.093) (0.127) ( 0.089) (0.068) (0.123) (0.098)

Observations 499 499 499 499 499 499
J test 64.68
p-value 0.01

First Stage Statistics for total hours squared
First Stage F Stat 894.41∗

First Stage R2 0.067
First Stage Statistics for average peer hours

First Stage F Stat 9.245∗∗∗ 38.74∗∗∗

First Stage R2 0.236 0.315

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table 18. Robustness Checks Using Alternative Instruments (friends’
covariates), Campaign Data with Standardized Coefficients

Dependent variable:
total email total amount

OLS 2SLS sys GMM OLS 2SLS sys GMM
(1) (2) (3) (4) (5) (6)

Messages Network
total email 0.669∗∗∗ 0.557∗∗∗ 0.584∗∗∗

squared (0.049) (0.110) (0.073)

average peer 0.092 0.235∗ 0.174∗ -0.048 0.043 0.093
emails (0.115) (0.102) (0.071) (0.075) (0.097) (0.053)

Observations 360 360 360 360 360 360
J test 42.81
p-value 0.60

First Stage Statistics for total email squared
First Stage F Stat 12.902∗∗

First Stage R2 0.155
First Stage Statistics for average peer emails

First Stage F Stat 91.023∗∗∗ 43.180∗∗∗

First Stage R2 0.226 0.294
Threaded Comments Network

total email 0.718∗∗∗ 0.510∗∗∗ 0.518∗∗∗

squared (0.039) (0.116) (0.101)

average peer 0.195∗∗∗ 0.369∗∗ 0.343∗∗∗ -0.043 0.073 0.209∗∗∗

emails (0.032) (0.119) (0.075) (0.074) (0.155) (0.056)

Observations 334 334 334 334 334 334
J test 38.61
p-value 0.70

First Stage Statistics for total email squared
First Stage F Stat 1611.79∗∗

First Stage R2 0.098
First Stage Statistics for average peer emails

First Stage F Stat 41.586∗∗∗ 130.32∗∗∗

First Stage R2 0.154 0.320
Group Membership Network

total email 0.674∗∗∗ 0.547∗∗∗ 0.527∗∗∗

squared (0.048) (0.124) (0.059)

average peer 0.135∗ 0.329∗∗∗ 0.223∗∗∗ 0.178∗∗ 0.278∗∗ 0.235∗∗∗

emails (0.057) (0.085) (0.040) (0.063) (0.100) (0.038)

Observations 426 426 426 426 426 426
J test 52.69
p-value 0.14

First Stage Statistics for total email squared
First Stage F Stat 677.21∗∗

First Stage R2 0.093
First Stage Statistics for average peer emails

First Stage F Stat 26.496∗∗∗ 99.535∗∗∗

First Stage R2 0.343 0.553

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Figure 1. Patterns of month joined EWB among members who at-
tended the national conference in the first year versus those who did
not.

(a) Month joined EWB for members who
attend the national conference in the first
year.

(b) Month joined EWB for members who
did not attend the national conference in
the first year.

(c) Correlation between month joined EWB and
distance to national conference in the first year.
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Figure 2. Difference in the effort levels between members who attended
the national conference in the first year versus those who did not. Note:
Flag = 1 for members who attend the national conference in the first
year, and Flag = 0 otherwise.

(a) Total group membership, Flag = 1 (b) Total group membership, Flag = 0

(c) Total number of conferences, Flag = 1 (d) Total number of conferences, Flag = 1



NETWORKS AND CHARITABLE GIVING 45

Figure 3. Difference in the effort levels between members who attended
the national conference in the first year versus those who did not. Note:
Flag = 1 for members who attend the national conference in the first
year, and Flag = 0 otherwise.

(a) Total number of logins, Flag = 1 (b) Total number of logins, Flag = 1
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Figure 4. Messages network among individuals who participate in the
engagement activities

(a) Network visualization based on
degree centrality.

(b) Network visualization based on
betweenness centrality.

(c) Network visualization based on eigen-
vector centrality
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Figure 5. Network Characteristics and Degree Distributions

(a) Messages Network: Degree distri-
bution (log-log scale)

(b) Messages Network: Average neigh-
bour degree versus node degree (log-
log scale)

(c) Threaded Comments Network:
Degree distribution (log-log scale)

(d) Threaded Comments Network:
Average neighbour degree versus node
degree (log-log scale)
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Figure 6. Network Characteristics and Degree Distributions

(a) Group Membership Network: De-
gree distribution (log-log scale)

(b) Group Membership Network: Av-
erage neighbour degree versus node de-
gree (log-log scale)

Table 19. Correlation Between Network Centrality Measures and
CHAMP Variables

Messages Network
Outcome Total Effort Betweenness Degree Eigenvector Closeness

Outcome 1
Total Effort 0.707 1
Betweenness 0.202 0.095 1

Degree 0.271 0.130 0.915 1
Eigenvector 0.345 0.182 0.757 0.925 1
Closeness 0.120 0.035 0.107 0.199 0.200 1

Threaded Comments Network
Outcome 1

Total Effort 0.728 1
Betweenness 0.376 0.254 1

Degree 0.526 0.342 0.782 1
Eigenvector 0.526 0.343 0.688 0.981 1
Closeness 0.133 0.080 0.166 0.300 0.297 1

Group Membership Network
Outcome 1

Total Effort 0.693 1
Betweenness 0.316 0.205 1

Degree 0.408 0.269 0.777 1
Eigenvector 0.390 0.262 0.696 0.982 1
Closeness 0.324 0.202 0.520 0.815 0.808 1
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Table 20. Correlation Between Network Centrality Measures and
Fundraising Campaigns Variables

Messages Network
Total Amount Total Email Betweenness Degree Eigenvector Closeness

Total Amount 1
Total Emails 0.685 1
Betweenness 0.202 0.095 1

Degree 0.271 0.130 0.915 1
Eigenvector 0.100 0.146 0.685 0.888 1
Closeness 0.054 0.091 0.141 0.249 0.196 1

Threaded Comments Network
Total Amount 1
Total Emails 0.712 1
Betweenness 0.310 0.282 1

Degree 0.367 0.367 0.761 1
Eigenvector 0.375 0.381 0.658 0.970 1
Closeness 0.081 0.066 0.124 0.259 0.247 1

Group Membership Network
Outcome 1

Total Effort 0.694 1
Betweenness 0.191 0.178 1

Degree 0.301 0.310 0.740 1
Eigenvector 0.325 0.340 0.630 0.967 1
Closeness 0.253 0.255 0.581 0.916 0.896 1


	1. Introduction
	1.1. Literature Review

	2. The Model
	3. Data
	3.1. Networks
	3.2. Effort And Outcome Variables

	4. Empirical Strategy and Exclusion Restriction
	5. Results
	5.1. Estimates of Best Response Equation
	5.2. Estimating the effort choice and outcome equations simultaneously
	5.3. Summary

	6. Robustness Checks
	6.1. Alternative Group Membership Networks
	6.2. Robustness Checks Using Friends' of Friends' Covariates as IV

	7. Conclusion
	References

