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Abstract
In this research, we study inter-organizational collaboration from the perspective of multi-relational networks. We
develop an agent-based model to simulate how a collaboration network among organizations emerges from organiza-
tions’ interactions through another network: the inter-organizational communication network. Our model adds links (or
edges) into the collaboration network on the basis of events, which correspond to organizations’ formation of collabora-
tive teams for joint projects. The proposed approach also models the competitive yet non-exclusive dissemination of
information among organizations, organizations’ dynamic prioritization of candidate projects, and network-based influ-
ence. Applying the model to a case study of the humanitarian sector, we configure and validate the agent-based simula-
tion, and use it to analyze how to promote inter-organizational humanitarian collaboration by encouraging
communication. The simulation results suggest that encouraging communication between peripheral organizations can
better promote collaboration than other strategies.
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1. Introduction

In recent years, inter-organizational collaboration has

increased in both for-profit and non-for-profit domains.1

Inter-organizational collaboration takes place when organi-

zations share authority and responsibility for planning and

implementing an action to solve a problem.2 According to

Guo and Acar,3 inter-organizational collaboration occurs

when different organizations work together to address

problems through joint effort, resources, decision-making

and share ownership of the final product or service.

Inter-organizational collaboration could benefit individ-

ual organizations in a community (e.g. improving the abil-

ity to address shared problems more effectively, higher

potential for cost savings and organizational learning), cli-

ents of organizations in a community (e.g. receiving higher

quality services or end products), and the community as a

whole.3,4 Research also identifies potential gains that not-

for-profit organizations could reap from collaborating with

others, including economic efficiencies, more effective

response to collective problems, improvements in the qual-

ity of services, the spreading of risks, and increased access

to resources.5 As an important topic in organizational

research, collaboration has drawn the attention of many

researchers. A better understanding of inter-organizational

collaboration may reveal ways to facilitate and improve

collaboration activities.

While a social network can represent social relation-

ships among individuals, the collaboration relationship

among organizations can be denoted by an inter-

organizational collaboration network. In such a collabora-

tion network, a node represents an organization and an

edge that connects two nodes means that the two organiza-

tions are collaborators. At the same time, collaboration is
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only one of the many types of relationships that could

exist among organizations, such as information sharing,

business transactions, etc. Also, the existence of other

types of relationships among organizations may affect or

influence the formation of a collaboration relationships

and hence the inter-organizational collaboration network.

The goal of this research is to model the emergence of

collaboration networks among organizations. Specifically,

we model how organizations’ interactions, such as exchan-

ging information, influencing others’ decisions and becom-

ing influenced, through a communication network lead to

the event of team formation and the subsequent emergence

of collaboration networks. We use inter-organizational col-

laboration in the humanitarian sector as a case study.

In the past few years, the world has suffered from sev-

eral major natural disasters. Humanitarian efforts after

these tragedies have highlighted the need for greater levels

of inter-organizational collaboration among humanitarian

agencies. Such collaboration can improve humanitarian

responses, so that they meet the needs of the affected pop-

ulation to the maximum extent possible.6 In addition to

better understanding of how inter-organizational a colla-

boration network emerges, we hope this study can also

help to provide recommendations on how to promote

humanitarian collaboration, which will eventually benefit

disaster victims.

The remainder of the paper is organized as follows.

Section 2 introduces the background of this research and

how our approach differs from existing research. Then, in

Section 3, we introduce our agent-based model for the

emergence of inter-organizational collaboration network.

In Section 4, we describe our implementation and valida-

tion of the model and our study of how to promote humani-

tarian collaboration. The paper concludes with discussions

of future research directions.

2. Background

To promote inter-organizational collaboration, one

approach taken by humanitarian agencies has been to

organize ‘coordination bodies’, one of whose goals is to

improve disaster relief efforts through collaboration

among its member organizations. These coordination bod-

ies may be temporary, special initiatives, or permanent

incorporated not-for-profit organizations, and provide a

non-hierarchical environment for organizations to interact

with each other and form collaborative teams for joint

projects. As participation in collaborative teams is under-

taken on a purely voluntary basis, mutually beneficial joint

projects and corresponding teams ‘emerge’ from the col-

lective behaviors of individual organizations in this non-

hierarchical setting.

In our previous interviews and surveys, many humani-

tarian organizations acknowledged that communication

plays a very important role in the formation of collabora-

tion relationships.7 First, communication often antecedes

collaboration and serves as the basis for establishing the

future collaboration relationship. This is because organiza-

tions need to communicate with acquaintances to obtain

information about different joint project initiatives, so that

they can identify interesting projects and collaborate on

them. Second, an organization’s decision on whether to

collaborate with others on a joint project is mainly based

on its own evaluation of the project. However, through

communication, organizations are often able to exert vari-

ous levels of influence on others’ decisions on collabora-

tion. In other words, the collaboration network emerges

from individual organizations’ interaction through a com-

munication network.

In addition, the analysis of the inter-organizational com-

munication and collaboration networks also revealed the

connection between communication and collaboration.8 In

our analysis of assortative patterns, which describes the ten-

dency of nodes in a network being connected with nodes

with similar degrees, inter-organizational communication

network and collaboration networks have similar dis-

assortative patterns. In other words, in both networks, high-

degree nodes tend to connect to low-degree nodes. In fact,

topologies of the two networks are positively correlated.

Therefore, to model the collaboration network among

organizations, we have to adopt a multi-relational perspec-

tive and incorporate the impact of the communication net-

work. From the perspective of network modeling, the

research needs to simulate how organizations create links (or

edges) in the collaboration network. Meanwhile, the deci-

sions to create links are based on information and influence,

which are transmitted through another network: the commu-

nication network. Hence, our work is related to the existing

literature in two areas: (1) link formation in networks; and

(2) the dissemination of information and influence. We

briefly review the two areas in this section and discuss how

our model is different from previous approaches. First we

introduce the multi-relational perspective.

2.1 The multi-relational perspective

Connecting a group of nodes with edges (or links), net-

works are able to represent relationships among entities,

such as people, organizations, locations, and so on. If we

look at a network from a macroscopic level, an edge con-

necting two nodes in a network means that the two nodes

are somehow related. However, scrutinizing how con-

nected nodes are related to each other in the network, we

find the heterogeneous nature of these edges. For example,

in a social network, the most general relationships is

‘know’, i.e. a person knows another person if they have

any relationship. A social network can then be specialized

by categorizing the relationship as one of business, family,

friend, and so on, and each of these can be further
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sub-classified. For example, Tom and Jack may be broth-

ers with a link between them representing a family rela-

tionship; while Jack and David may be graduates of the

same college, thus their link reflects an alumni relation-

ship. Similarly, edges between two organizations in an

inter-organizational network may denote different types of

relationships, such as collaboration, information sharing,

trading, etc.

In other words, for many real-world networks, edges in

the same network could mean different types of relation-

ships, each of which spans a network of its own. Thus, a

network is multi-relational with multiple relationships and

heterogeneous edges. The heterogeneity of edges can be

further illustrated by representing such a multi-relational

network with multiple uni-relational networks. Each type

of relationship can be represented by its own uni-relational

network. Given a network G(V ,E) with node set V

and edge set E (note that as multiple types of relationships

could exist between two individuals, we allow more

than one edge between two nodes in G), we assume N

types of relationships are represented by edges ei ∈E

in the network. Then we can divide all edges in set E

into N disjoint sub-sets, which satisfy E1,E2, . . . ,
EN ⊂E, 8i, j∈ ½1,N � (i 6¼ j) : Ei ∩Ej =�, and E1 ∪E2 ∪
� � � ∪EN =E. Then we are able to divide G(V ,E) into

N sub-networks that share the same set of nodes but have

different sets of edges: G1(V ,E1),G2(V ,E2), . . . ,
GN (V ,EN ). Each of the sub-network is a uni-relational net-

work that represents only one type of relationship in the

aggregated multi-relational network G(V ,E).

Many studies on social and organizational networks

took a uni-relational perspective. On the one hand, a lot of

research focused on networks based on a specific type of

relationship. Examples include the email communication

among employees within an organization;9 the collabora-

tion among organizations;10 the overlapping of board of

directors among large corporations,11 and so on. On the

other hand, many studies did not make distinctions

between different types of relationships. Instead, they

often took a coarse-grained approach and aggregated mul-

tiple types of relationships into one network with homoge-

neous edges. For instance, in studies of online social

networks, a link between two users in a social networking

website, such as LinkedIn or Twitter, was often only con-

sidered to show that the two are somehow related but it

was often disregarded whether the link is one of family,

co-worker, classmate, etc.12,13

While uni-relational approaches are simple and intui-

tive, they inevitably lose valuable information. First, one

uni-relational network may affect or influence another, as

catalysts or constraints. For example, the classmate or

roommate network among college students may affect

their email communication network; the collaboration net-

work among organizations may depend on the communi-

cation network; the transportation network may constrain a

retailer’s distribution network. Second, an individual may

exhibit multi-faceted behaviors and possess different struc-

tural positions in different uni-relational networks. For

instance, in an online social network such as Facebook, a

user may have many online ‘friends’ (the friendship

network) but their status or shared links seldom draw com-

ments from others (a comment network); in an inter-

organizational network, one could be a hub in the trading

network but at the peripheral of the collaboration network.

By contrast, a multi-relational perspective can shed

new light on the study of networks and help us to under-

stand real-world networks in a more systematic way. For

example, the structural difference between the sibling net-

work and the farm work assistance network among villa-

gers helped to explain several sociological phenomena.14

Analyzing various types of networks among online gamers

has validated the social balance theory in a large scale.15

Ahmad et al.16 inferred the trust network among online

gamers from their mentoring network. The incorporation

of multiple networks that social media users are involved

in also helps to predict users’ collective behaviors.17

Nevertheless, previous multi-relational analysis focused on

relationship between different networks’ static topologies.

In this research, we adopt the multi-relational network

perspective and study the emergence of an inter-

organizational collaboration network. Thus, our approach

needs to emphasize on how organizations’ interaction

through the communication network affects the dynamic

growth, i.e. formation of links, of the collaboration

network.

2.2 Formation of links in networks

Inter-organizational networks have drawn the attention of

many scholars in organization and management sci-

ence.18,19 Specifically, many studied what drive organiza-

tions to form ties and identified important factors such as

influence from other organizations, communication, his-

tory of relationship, reputation, and level of inter-

dependency.20,21,22,23 However, these works stayed at the

organizational level and relied mainly on organizational

characteristics.

At the network level, the link prediction problem has

attracted researchers from different disciplines. On the one

hand, many researchers studied various statistical attach-

ment rules that guide a node’s connections to another node.

These models are usually based on connection heuristics

and calculate the probability of connections between two

nodes using the two nodes’ topological attributes.

Examples include the preferential attachment model,24

Jaccard index,25 Adamic/Adar index,26 and Katz index.27

Limited research used this approach to study inter-

organizational networks.10,28 On the other hand, some

research used classification or maximum likelihood

approaches to predict links. The basic idea is to consider
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connected node pairs as positive samples, and other node

pairs as negative samples. Then a classifier is trained29,30,31

or parameters that maximize the likelihood of data are

found32 using a set of positive and negative samples.

However, most of the aforementioned approaches are

rooted in building a dyadic or binary edge between two

nodes. As a result, they may not capture two important

aspects in humanitarian inter-organizational collaboration.

First, most existing approaches are limited to link for-

mation within one network. In other words, they take a

uni-relational approach and do not consider the interaction

between different types of relationships. Thus, they are

unable to capture how one network affects the formation

of links in another, with the recent exception of Ahmad et

al.16 As we mentioned before, inter-organizational colla-

boration relies heavily on the communication relationship.

Thus, our model has to incorporate the multi-relational

perspective.

Second, for humanitarian agencies, collaboration is

often project-based activities. The joint project they colla-

borated on could be joint training of staff members, coor-

dinated data collection, shared database, and so forth. A

joint project may start by only one or two organizations

but could have more than two collaborators. According to

our survey, more than 80% of the collaborative projects

had more than three collaborating organizations.7 The

Information and Communication Technology (ICT) Skills

Building Program of the ReliefTechNet (in this paper,

pseudonyms of organizations are used to protect the confi-

dentiality of humanitarian organizations), a major coordi-

nation body, is an example of such projects. The goal of

this project was to provide training on latest ICTs to staff

members of humanitarian agencies, so that their response

to emergency and enhance their organizational effective-

ness can be improved. This project was initially proposed

by one organization in the coordination body

ReliefTechNet, but was then developed with inputs and

contributions from a team of more than 10 different

member organizations.

From a network perspective, the formation of inter-

organizational collaboration network is based on colla-

borative events. An event here is the formation of a

collaborative team for a joint project. This type of event-

based collaboration relationship can be described as a

bipartite graph with two types of nodes: projects and orga-

nizations. Organizations are connected to a project if they

form a team to collaborate on the project. Figure 1(a)

shows a sample bipartite graph with two joint projects and

eight organizations: four organizations collaborate on

Project 1; Project 2 has five collaborators. The inter-

organizational collaboration network can be constructed

by converting the bipartite collaboration graph into a net-

work that directly represents the collaboration relationship

among organizations. In other words, organizations in the

team for the same joint projects will be connected to each

other (as shown in Figure 1(b)).

The important implication of the event-based collabora-

tion is that the collaboration relationship is n-ary, instead

of binary. In other words, several edges in the correspond-

ing inter-organizational network may co-occur at the same

time and are not independent of each other. For instance, if

organizations in Figure 1(a) fail to form a team for Project

1, there might be no collaboration relationship among the

participation organizations of Project 1. In other words,

organizations 1, 2, 3, and 4 may not be connected in the

inter-organizational collaboration network. Current statisti-

cal approaches focus on binary or dyadic relationship, but

cannot capture this type of concurrent formation of multi-

ple links and the dependency between links.

2.3 Dissemination in networks

A network often plays a key role for epidemic or social

contagions to disseminate across multiple individuals.

Figure 1. A sample inter-organizational collaboration network: (a) a bipartite graph for collaboration; (b) the collaboration network
for the bipartite graph.
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Epidemic contagion concerns the spread of infectious

diseases, such as flu. Examples include the susceptible–

infected–recovered (SIR) model33 and its variants.

Social contagion refers to the diffusion of information,

products, fashion, behaviors, and so on in the human

society.

Most network dissemination models consider dissemi-

nation as an influence-based process. The basic idea is that

dissemination happens between network neighbors as one

node is able to influence its neighboring node to change

status or adopt new behaviors. In terms of how to model

such influence among neighboring nodes, there are two

types of approaches. One approach is based on indepen-

dent cascade between neighboring nodes.34 When a node

changes its state, it has one chance to ‘infect’ its neighbor-

ing nodes in other states with a probability. Another type

of models is based on the idea of a threshold.35 In such

models, a node will change its state or adopt a new beha-

vior when a certain fraction or number of other nodes have

changed or adopted. In this case, the dissemination does

not have to happen between neighboring nodes. The

threshold of each individual may also vary.

However, existing approaches cannot be directly used

in our model for two reasons. First, few dissemination

models consider individuals’ endogenous factors, which

are especially important in social contagion. While exo-

genous influence from one’s peers in a network can often

affect whether they are ‘infected’ by a behavior, informa-

tion or product, such a decision is also based on one’s

individual characteristics or their independent evaluation

of the ‘infectant’. In fact, recent research claimed that the

impact of peer influence is overestimated.36 Instead,

homophil37 plays an important role in the dissemination of

the service. Homophily, which represents the similarity

among individuals, reflects the endogenous factors that

may affect dissemination. Similarly, in the context of

inter-organizational collaboration, our survey revealed that

when organizations evaluates a candidate joint project,

they consider both endogenous and exogenous factors,

such as whether the goal of the project aligns with the

organizational mission, whether similar projects have been

on the organizational agenda, which and how many orga-

nizations have decided to collaborate on the project, etc.

Therefore, we need a model that incorporate both endo-

genous and exogenous factors in the dissemination

process.

Second, most studies only considered the dissemination

of a single ‘infectant’ but paid little attention to the com-

petitive yet non-exclusive dissemination of multiple

‘infectants’. When organizations collaborate, multiple

projects may be proposed as candidate joint projects.

However, an organization cannot work on all candidate

projects, because it has limited resources. Put another

way, various candidate joint projects, whose information

is disseminated through the communication network, are

competing for organizations’ resources. The interplay

between these candidate projects will eventually affect the

outcome of collaboration. A recent study38 proposed a

model for competitive diffusion of political standings in

networks. Also, political standings are mutually exclusive

of each other: one cannot support both Democrats and

Republicans at the same time. However, this type of

exclusiveness does not hold in the dissemination of proj-

ects information, as an organization can work on multiple

joint projects if resources permit. Therefore, our model

needs to capture both the competition and the non-

exclusiveness of multiple candidate projects in the disse-

mination process.

3. Proposed approach

Based on existing literature and our needs, we chose to use

agent-based models (and simulations) for this study.

Computational models and simulations, especially agent-

based ones, have been widely used to study a variety of

social, organizational, and natural phenomenon.39,40,41

Agent-based models are capable of simulating macro-level

structures or patterns resulting from micro-level interac-

tions and decisions of heterogeneous agents within com-

plex systems.42 An agent-based simulation is especially

helpful for decision-makers and policy-makers in organiza-

tions, because it is often very difficult to manipulate orga-

nizations to evaluate the impact of a policy or a decision.

A computational simulation for an inter-organizational col-

laboration network not only enables us to study the out-

come of different policies, but also helps us to gain

insights into the patterns and characteristics of inter-

organizational collaboration at both micro and macro

levels.

In this section, we propose an agent-based model for

the formation of inter-organizational collaboration net-

work. The model adopts the multi-relational perspective

and simulates how agents’ interactions through one uni-

relational network (the communication network) lead to

the emergence of another uni-relational network (the colla-

boration network). The model incorporates the dissemina-

tion of project information through the communication

network, organizations’ decision-making on whether to

work on a candidate project in the context of network

influence, and how the inter-organizational collaboration

network emerges through the event of forming multi-agent

teams for joint projects.

In the agent-based model, organizations are represented

as agents and are embedded in a communication network

Gc(V ,Ec). V = a1, a2, . . . , aNf g is a set of N agents. The

edge ei, j ∈Ec denotes that agents ai and aj communicate

with each other through the network. The weight of an

edge wi, j denotes the strength of ties between the two

agents. Here P= P1,P2, . . . ,PMf g are a set of M
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candidate projects. Each agent ai maintains a prioritized

to-do list of projects: Li ⊆P. A project in agent ai’s to-do

list Pk ∈ Li is the project that agent ai would like to work

on or collaborate with others. Agent ai is called a supporter

of project Pk if Pk ∈Li. Agent ai also assigns project

Pk ∈ Li a priority score Ci, k that reflects how important this

project is to the agent. Projects with higher priority scores

are ranked higher in the list. The maximum number of

projects Si in a to-do list may vary from agent to agent.

The limited size of to-do lists reflects the resource con-

straints, which are important in modeling the competitive-

ness and non-exclusiveness of different candidate projects.

After each agent initializes its to-do list, agent inter-

action starts as an iterative process with three steps in

each iteration. Figure 2 shows the pseudo-code of the

model.

The first step is the dissemination of information about

candidate projects through the communication network.

To find collaborators, an agent first needs to disseminate

information about projects in its to-do list, so that other

organizations are aware of these candidate projects. An

agent ai spreads project information by proposing the top-

ranked project Pt in its list to its neighbors in the commu-

nication network. Here ai’s neighbors in Gc(V ,Ec) are

defined as Bi ⊆V , so that 8aj ∈Bi, 9ei, j ∈Ec.

The second step is the evaluation of candidate projects.

Upon receiving a new candidate project Pk ∈� Li proposed

by its neighbors, agent ai will evaluate the project using

various criteria of its own and assign the project an initial

priority score. As shown in Equation (1), the initial and

independent evaluation score C0i, k is determined by the

function Score, which is based on the characteristics of the

project and agent ai’s evaluation criteria Ri. The function

Score can be configured by the modeler to cater different

scenarios:

C0i, k = Score(Pk,Ri): ð1Þ

Moreover, as we mentioned before, other agents also

exert various levels of influence on an agent through the

communication network. The priority score that an agent

assigns to a project is influenced by other agents’ evalua-

tion of the same project. We used a network influence

model, which extends the social influence model of

Friedkin and Johnsen43 to handle the exogenous influence

from the network. Similar to most influence models, this

model also assumes that an agent knows priority scores

that other agents assign to candidate projects. Although

this assumption may not hold in all situations for colla-

boration, it is a reasonable one in a collaborative environ-

ment, such as a coordination body. As coordination bodies

would like to foster communication and collaboration

among their member organizations, they often host regular

meetings and group discussions, which provide an open

forum for member organizations to exchange information

and learn about projects others would like to work on.

Equation (2) describes how an agent’s project evaluation,

which is reflected by the priority score assigned to the

Figure 2. Pseudo code for the agent-based model.
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project, is iteratively influenced by other agents’ evalua-

tions of the same project. The right-hand side of the equa-

tion consists of two parts:

Ci, k(t)=Ei ×Fi × SCk(t � 1)+ (1� Ei)×C0i, k ð2Þ

where Ci, k(t) is the priority score of candidate project Pk

assigned by agent ai at time t (t> 0). Please note that

before agent ai receives project Pk , the agent does not

assign any score to the project. In other words, Ci, k(t)= 0

for t< tr
i, j, where tr

i, j is the time stamp when ai receives

the Pk for the first time.

The first part describes the exogenous influence. Here

Fi is a 1×N vector that represents influences on agent ai

from all of the N agents in the communication network,

including agent ai itself. Elements in Fi are called influ-

ence indexes, with Fi½j� representing the influence index of

agent aj over agent ai. The sum of all influence indexes in

Fi is 1, as shown in Equation (3)

XN

j= 1

Fi½j�= 1: ð3Þ

Here SCk(t) is an N × 1 vector that stores project Pk’s

priority scores assigned by all of the N agents at time t.

Namely, SCk(t)=½C1,k(t),C2,k(t), . ..,Ci,k(t), ...,CN ,k(t)�T.

Thus, the product of Fi and SCk(t�1) is a score that

reflects agent ai’s combined consideration both its

independent evaluation and exogenous influence from

all other agents’ evaluations of the same project Pk at

time t�1.

The second part is agent ai’s initial and independent

evaluation of project Pk . The initial evaluation score is

kept because it is made independently by the agent with-

out exogenous influence. This will generally serve as the

basis for possible deviations of priority scores even though

network influence exists.

The two parts are connected and balanced with the

influence coefficient Ei(0≤Ei ≤ 1), which denotes how

likely agent ai’s project evaluation is influenced by oth-

ers. A higher influence coefficient means an organiza-

tion is more subject to exogenous influence, while

agents with a lower influence coefficient are more inde-

pendent when evaluating projects and making decisions

on collaboration.

The last step in each iteration is the adjustment of to-do

lists. With priority scores for candidate projects from the

previous step, an agent may add new projects with higher

priority scores to its to-do list, re-evaluate and re-rank

existing projects, or remove projects with lower priority

scores from the list, as the list is limited in size. In the next

round of the iterative process, an agent will again advocate

for its top-ranked project and disseminate information

about this project to its neighbors, even though this agent

receives information about the project from another agent.

As we mentioned in Section 2.3, we need to model the

competitive and non-exclusive dissemination of project

information. Our design of to-do lists and the adjustment

of project prioritization models such as dissemination, as

projects compete for positions and rankings in a to-do list

that can accommodates multiple projects.

As you can see, agents’ interactions are mainly through

the communication network. Then how will such interac-

tions through the communication network affect the colla-

boration network? After the three steps in each iteration,

the model will check whether the event of team formation

occurs. With the help of inter-agent interactions through

the communication network Gc(V ,Ec), a candidate project

may disseminate to many agents and appear on the to-do

lists of some agents. As each agent’s to-do list is openly

available to all of the other agents, when the number of a

candidate project Pk’s support reaches a project-specific

threshold THk , supporters of this project will form a team

to work on the project together. As we discussed in

Section 2.2, The team-formation event achieved through

the communication network also leads to the establishment

of collaboration relationships among agents in the same

team. Consequently, edges are added to connect all of the

team members to each other in the collaboration network

Gb(V ,Eb), where e
0
i, j ∈Eb denotes the collaboration rela-

tionship between agents ai and aj. Take one of the teams

in Figure 1(a) for example. Organizations (agents) 1, 2, 3,

and 4 form a team for Project 1. Thus, six edges connect

the four team members in the collaboration network in

Figure 1(b).

4. A case study of the humanitarian sector

In this section, we use the proposed agent-based model to

simulate the emergence of collaboration networks among

organizations in the humanitarian sector. We implement

the simulation using the Repast toolkit,44 a Java library for

agent-based simulations. Then we configure and validate

the simulation with empirical data. We also conduct an

experiment to evaluate the effectiveness of different strate-

gies that aim at facilitating collaborations.

4.1 Configuration of the simulation

In order to implement a trustworthy simulation, we need

to configure our simulation properly. We first configure

the simulation using empirical data of humanitarian orga-

nizations’ demographics and project preference. Then we

validate the configured simulation by comparing the simu-

lated inter-organizational collaboration network with the

real-world network. If the two networks are not similar,

we tweak the configuration and run the simulation again,
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until we obtain a configuration that leads to satisfactory

results. Figure 3 illustrates the configuration process.

The configuration has to be backed by empirical data.

Thus, we conducted two surveys and numerous interviews

among member organizations of GlobalSympNet, a major

coordination body with 119 member organizations. We

collected these organizations’ demographic data, including

missions, focus regions, numbers of full-time employees.

Table 1 lists the nine major missions and seven focus

regions of member organizations in GlobalSympNet. Note

that an organization may have multiple missions and more

than one focus region. In addition, we also gathered data

about 30 collaborative projects that humanitarian organiza-

tions worked on. The data includes where the project was

implemented, the goal of the project, and how many orga-

nizations got involved, etc. We augmented data of the 30

projects and generated 300 synthesized candidate projects.

The surveys and interviews also helped us to under-

stand how humanitarian organizations evaluate candidate

collaborative projects and how their decisions are influ-

enced by others. It is worth noting that, although we

expected collaborative projects that were implemented

immediately after disasters, most of the projects we found

were pre-disaster projects whose goals are to improve

humanitarian organizations’ capabilities in disaster

response and relief. Therefore, time pressure, which is

very important in forming teams for post-disaster projects,

does not seem to be a key issue when organizations evalu-

ate pre-disaster projects.

Further, as our focus is on the multi-relational perspec-

tive, we need to find different types of relationships

among organizations. We identified two uni-relational net-

works among organizations: communication and colla-

boration. Note that, the communication network is based

on the inter-organizational relationship of advice seeking

and giving. Research has shown that such advice exchange

behavior often plays a major role in the exchange of infor-

mation among humanitarian organizations.45 More impor-

tantly, the advice exchanged among humanitarian

organizations through the network is mostly about huma-

nitarian projects, thus we can consider this network as a

more focused communication network with stronger ties.

In the collaboration network, two organizations are con-

nected by an edge if they used to collaborate on humani-

tarian information management projects.

To find a proper configuration for the simulation, we

simulate the collaboration network among 30 member

organizations of the GlobalSympNet. The simulation takes

as inputs the 30 organizations’ demographic data, synthe-

sized data of candidate projects, and the 30 organizations’

communication network, which was identified in May

2008 (see Figure 4(a)). We run the simulation for 40 ticks,

allowing 8 rounds of inter-agent interactions. After the

simulation stops, we obtain a collaboration network among

the 30 organizations.

Then we compare the simulated collaboration network

with the actual collaboration network, which we gathered

in a follow-up survey in October 2009 (see Figure 4(b)).

To compare the two networks, we evaluate how close the

simulated one is to the actual one using several metrics,

including the number of total edges, the clustering coeffi-

cients, the average path length, and the accuracy of link

prediction. On the basis of evaluation outcomes, we

adjust and calibrate the configuration of the simulation

and re-run the simulation until we find a satisfactory

configuration.

Here we illustrate one such configuration. Our survey

results suggest that when evaluating a candidate project, an

Figure 3. The process of simulation configuration and calibration.

Table 1. List of missions and focus regions for organizations in
GlobalSympNet.

Mission Focus region

1. Provide food 1. Sub-Saharan Africa
2. Provide shelter 2. Middle East & North Africa
3. Provide water 3. Europe & Central Asia
4. Provide sanitation 4. South Asia
5. Provide medical care 5. South East Asia
6. Provide funding 6. North America
7. Provide information services 7. Latin America & Caribbean
8. Provide training and advice
9. Provide IT infrastructure

and/or applications
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organization considers two key factors: whether the pur-

pose of the project matches the mission of the organiza-

tion, and whether the beneficial (geographical) area of the

project is within the organization’s focus regions. Thus,

agent ai calculates the initial priority score C
0
i, k for project

Pk using

C
0

i, k =αm

X9

m= 1

Hmatch(Mi(m),Mk(m))

+αr

X7

r= 1

Hmatch(Ri(r),Rk(r)), ð4Þ

where

Hmatch(x, y)= 1 if x= 1 and y= 1,

0 otherwise:

�
ð5Þ

HereMi(m) specifies whether organization ai has mission

m. If organization ai has mission m, Mi(m)= 1; other-

wise, Mi(m)= 0. Similarly, Mk(m) denotes whether m

matches one of project Pk’s purposes. Likewise, Ri(r) and

Rk(r) refer to whether region r is within organization ai’s

focus region and whether project Pk will be implemented

in or bring benefit to region r, respectively. Equation (4)

calculates the number of overlapping missions/purposes

and the number of overlapping regions between organiza-

tion ai and project Pk . Coefficients αm and αr denote the

relative importance of the two numbers. On the basis of

organizations’ average rankings of the two factors, we

choose αm = 5 and αr = 10. Also, for the purpose of sim-

plicity, we apply the two coefficients to all of the agents.

The initial priority score C
0
i, k that agent ai assigns to

project Pk is the weighted sum of the numbers of mission

and area matches. Intuitively, the better the project’s pur-

poses and beneficiary regions match the organization’s

missions and focus regions, the higher the score is. This

initial score also reflects homophily-based project selec-

tion, because organizations with similar missions and

regions may prefer similar candidate projects.

In terms of exogenous influence, the survey results indi-

cate that organization ai is more likely to be influenced by

organization aj in the following scenarios: (1) the two

organizations directly communicate with each other; (2) aj

is widely considered a leader in the community; and (3) aj

is a larger organization (and, thus, generally has more

resources). Therefore, in the following equation, the con-

figuration incorporates these factors into the calculation of

Fi½j�, organization aj’s influence index on organization ai:

Fi½j�= fi½j�PN
k = 1

fi½k�
, where fi½j�=D(i, j)L(j)S(i, j): ð6Þ

According to Equation (6), Fi½j� is essentially normalized

to fi½j�, which is a product of multiple parts. Function D(i, j)

is based on the geodesic distance dist(i, j), i.e. the number of

hops, between organizations ai and aj in the communication

network. Intuitively, the longer the distance between ai and

aj, the smaller the value of D(i, j). This configuration repre-

sents D(i, j) with an exponential function,

D(i, j)= e�½dist(i, j)�1� ð7Þ

so that the influence degrades very fast as the distance

increases.

Figure 4. Inter-organizational networks among 30 organizations. (a) The communication network among 30 organizations of
GlobalSympNet as of May 2008. (b) The collaboration networks among 30 organizations in GlobalSympNet as of October 2009.
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Function L(j) concerns whether organization aj is con-

sidered a leader in this community. A leader organization

aj will have L(j)= 1:2, while L(j)= 1 for non-leaders.

Function S(i, j) reflects how sizes of the two organizations

affect the influence power. On the basis of the number of

full-time employees in each organization, we categorize

organizations into micro, small, medium, large and very

large organizations. Here S(i, j), defined as

S(i, j)= size(aj)

size(ai)

� �φ
ð8Þ

should yield a higher value if aj is larger than ai, and a

lower value if ai is larger than aj. In this configuration, we

pick φ= 0:3.

The influence coefficient Ei, which connects the inde-

pendent evaluation and the external influence in Equation

(2), is based on each organization’s response in a survey

question about how likely their decisions will be influ-

enced by those of other organizations.

With the above configuration, we run the simulation 30

times and get 30 simulated inter-organizational collabora-

tion networks. Figure 5 shows one of them. Table 2 lists

the basic statistics of simulated collaboration networks,

along with those of the actual one. Statistics of simulated

networks are the average of results from 30 different runs.

The simulated results are very close to the statistics of the

actual collaboration network. In terms of link predication

accuracy, simulations with this configuration obtain an

average accuracy rate of 70%, with an average sensitivity

of 64%, and an average specificity of 75%. This means

that the simulated network can predict whether two spe-

cific nodes are connected or not with a success rate of

70%.

Overall, taking the communication network as one of

the inputs, the properly configured simulation is able to

generate collaboration networks that are very similar with

the actual collaboration network in the number of edges,

average path length, and clustering coefficient. Although

the simulation does not excel at link prediction accuracy,

the main goal of this simulation is not to predict whether

two specific organizations are connected or not in the col-

laboration network either. In fact, the validity of the con-

figured simulation in basic statistics of the simulated

collaboration network paves the way for our experiment in

the following section, because the number of edges in the

collaboration network is used as a key metric to evaluate

the effectiveness of different strategies.

Figure 5. The predicted collaboration networks among 30 organizations in GlobalSympNet.

Table 2. Statistics of the simulated and actual collaboration
network.

Simulated network Actual network

Number of edges 183.6 (178.9–188.3) 186
Clustering coefficient 0.69 (0.68–0.71) 0.73
Average path length 1.64 (1.63–1.65) 1.63

Note: 95% confidence intervals are reported in parentheses.

626 Simulation: Transactions of the Society for Modeling and Simulation International 88(5)

 at PENNSYLVANIA STATE UNIV on May 2, 2012sim.sagepub.comDownloaded from 

http://sim.sagepub.com/


4.2 An experiment on how to facilitate inter-
organizational collaboration

The GlobalSympNet is very interested in finding strategies

that could facilitate or promote inter-organizational colla-

boration among its member organizations. However, as

the GlobalSympNet is a coordination body without formal

hierarchy and does not participate in any humanitarian

project, it may not become involved directly in the process

of identifying collaborative projects and forming teams.

From a network perspective, it cannot directly help to

build connections in the inter-organizational collaboration

network. In contrast, as many organizations indicate that

communication is important for and often serves as the

prerequisite for collaboration, the GlobalSympNet could

focus its effort on another uni-relational network, the com-

munication network among organizations. In other words,

it could try to facilitate collaboration by promoting com-

munication among its member organizations.

The analysis of the inter-organizational communication

network (Figure 6(a)) inside the GlobalSympNet reveals

that organizations in the community are polarized in their

network positions. The network has 95 nodes and 574

edges. As the degree distribution of the communication

network in Figure 6(b) shows, there are some highly active

core organizations with high degrees. In other words, some

organizations communicate with a lot of other organiza-

tions and are in the core of the community. Meanwhile,

many organizations only talk to a few other organizations

and are at the periphery of the community.8 Then the ques-

tion for the GlobalSympNet is, among many organizations

that have not communicated with each other before, which

ones should the GlobalSympNet pick so that its staff mem-

bers can try to introduce them to each other and encourage

them to communicate. This provides a good scenario to

use our simulation, because trying different strategies on

its member organizations in the real world is often diffi-

cult, risky, or expensive.

Therefore, in this experiment, we use our simulation to

explore how three strategies that enhance the communication

network can facilitate collaboration: Strategy 1 encourages

core members to communicate more with other core mem-

bers; Strategy 2 encourages core members to communicate

with peripheral members; Strategy 3 encourages the commu-

nication between peripheral members.

4.3 Simulation setup and results

As we would like to evaluate how different strategies to

enhance the communication network will affect the simu-

lated collaboration network, we design four scenarios to

manipulate the communication network topology: one

baseline scenario with no changes to the communication

network in Figure 6(a), and three scenarios with enhanced

communication networks as the simulation input. To

simulate the Strategy 1, 57 new edges (about 10% of the

total number of existing edges) are added to the communi-

cation network. Each new edge lies randomly between two

high-degree nodes, whose degrees are within the top 25%

of all nodes. For the Strategy 2, the simulation also adds

57 edges to the original communication network but each

edge has to connect a random high-degree node, whose

degrees are within the top 25%, and a random low-degree

node, whose degrees are within the bottom 25%. Similarly,

Strategy 3 is simulated by adding 57 edges between ran-

domly chosen low-degree nodes, whose degrees are within

the bottom 25%.

In addition to the topology of the communication net-

work, two other groups of factors or parameters will affect

the outcome of our simulation: (1) agents’ attributes and

criteria of project evaluation; and (2) candidate projects

that agents put in their initial to-do lists. In order to balance

Figure 6. The communication network among the 95
humanitarian organizations as of October 2009. (a) Visualization
of the network. Node colors denote organization types.
(b) Degree distribution of the network.
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between internal and external validity, we control para-

meters in the first group and ensure that all simulations for

the four scenarios will have the same agent attributes and

project evaluation criteria. This is because agents’ attri-

butes and evaluation criteria, such as size, focus regions,

whether it is a community leader, etc., are based on real-

world data we collected and have been validated in Section

4.1. Meanwhile, as we are using synthesized project data

and have no empirical data about which project an agent

will pick at the very beginning, we also introduce some

level of randomness into the second group of factors. In

different runs of the simulation, we allow an agent to pick

projects randomly from the same pool of 300 synthesized

candidates projects, and put them into their initial to-do

lists, as long as these projects match one of the agent’s

missions or focus regions. Thus, repeating multiple runs of

a simulation scenario will help us to improve the validity

of the results.

After running simulations 30 times (each run lasts for

40 ticks, as we did in Section 4.1) for each of the four sce-

narios, we evaluate the effectiveness of the four strategies

to see which one promotes more collaboration. An effec-

tive strategy is one that can facilitate or promote more col-

laboration, but how do we decide which strategy is more

effective?

Here we first consider the density of the collaboration

network as an important and intuitive indicator for how

well collaboration is promoted, because more edges in a

collaboration network often mean more collaboration

among organizations and a more collaborative environ-

ment in a coordination body. The increase in collaboration

helps organizations to get more collaborators and access

more resources that may be unavailable internally.46 More

edges in a network will general decrease the distance (such

as the average shortest path length) between nodes and

make the community more close-knit. Network density is

also among the commonly used metrics to evaluate an

inter-organizational network47 in organizational research.

Admittedly, the metric of density emphasizes more on the

quantity of collaboration. Although the quality of colla-

boration is also important, it is often out of the control of

coordination bodies and thus is beyond the scope of this

research.

Then, the strategy, whose corresponding simulation

scenario can generate a collaboration network with more

edges in our experiment, is considered more effective at

facilitating inter-organizational collaboration. Figure 7

shows the number of edges in simulated collaboration net-

works after implementing different strategies on the com-

munication network. Each data point is the average of 30

runs. Vertical bars at data points indicate the 95% confi-

dence interval.

The comparison first suggests a surprising result:

Strategy 1, adding edges between core members in the

communication network, performs worse than adding no

edges to the communication network. In other words,

although it is expected that adding edges to the communi-

cation network will always have positive impact on the

collaboration network, adding edges only between high-

degree nodes does not help. In the context of the

GlobalSympNet, focusing only on promoting communica-

tion among its core members may not facilitate

collaboration.

Meanwhile, Strategies 2 and 3, especially Strategy 3,

can increase the density of the resulting collaboration net-

work, compared with the baseline strategy. In other words,

if GlobalSympNet can encourage peripheral members to

get more involved in the community by introducing them

to other organizations, especially other peripheral mem-

bers, collaborations among humanitarian organizations will

be facilitated.

4.4 Discussion

Why does Strategy 1 fail to work? Why does Strategy 3

outperform Strategy 2? From a multi-relational network

perspective, we hypothesize that the dissemination of can-

didate project information through the communication net-

work may have contributed to the difference in the

densities of simulated collaboration networks. Figure 8

shows the total number of unique candidate projects that

are evaluated by all agents. This number serves as a good

metric of how well project information disseminates

through the communication network. If more projects are

evaluated by organizations, there is a higher chance that

more collaboration can happen and thus more edges are

formed in the collaboration network. As you can see from

the figure, the curves of the number of evaluated projects

Figure 7. Comparing the effectiveness of different strategies
(applied to the communication network) on the collaboration
network.
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are very similar to the curves for the number of collabora-

tion edges in Figure 7. Strategy 1 has the lowest number

of evaluated projects, while Strategy 3 generates up to

30% more evaluated projects than Strategy 2 does.

Now we know different levels of dissemination in the

communication network lead to different collaboration

networks. Then what characteristics of the communication

network could reflect such difference in the collaboration

network? As all three strategies add the same number of

edges to the communication network, the densities of the

three enhanced communication networks are the same.

That leaves us with average path length and clustering

coefficient. Thus, we compare the two measures for inter-

organizational communication networks enhanced by the

three strategies in Table 3.

Although previous research argued that dissemination

is easier in networks with shorter path lengths,48 Table 3

reveals that the average path length does not correlate well

with network dissemination in our study. Intuitively all

three strategies can reduce the average path length because

they add new edges to the original network. Despite the

shorter average path length, the network enhanced by

Strategy 1 still hinders the dissemination of project

information compared with the original network. In addi-

tion, Strategy 2 is able to generate networks with the low-

est average path length by connecting peripheral nodes

with hub nodes. However, Strategy 2 is still outperformed

by Strategy 3 in terms of facilitating dissemination and

collaboration. Thus, the average path length of the com-

munication network does not seem to be the key factor in

affecting the outcome.

By contrast, the clustering coefficient sheds light on the

problem. As Table 3 shows, Strategy 1 increases the clus-

tering coefficient. Strategies 2 and 3, on the other hand,

are able to decrease the clustering coefficient. The order

of networks (by descending clustering coefficients) corre-

lates well with the order of strategies (by descending

effectiveness in facilitating inter-organizational collabora-

tion). In other words, the clustering coefficient of the

inter-organizational network based on communication

relationship has an important impact on the density of the

inter-organizational collaboration network.

From a multi-relational network perspective, the simu-

lation data confirms the close relationship between com-

munication and collaboration networks, as the

dissemination of project information through the commu-

nication network plays an important role in the formation

of the collaboration network. It also suggests that simply

decreasing the average path length in the communication

network may not necessarily increase the density of the

collaboration network. Instead, adding more edges for

low-degree nodes in the communication network can bet-

ter facilitate the dissemination of project information and

foster a better connected inter-organizational collaboration

network. In addition, adding more edges between high-

degree nodes in the communication network may have

negative impacts on the collaboration network. A possible

reason is that, in a highly clustered communication net-

work, paths for project information dissemination to dif-

fuse across the network is often controlled by high-degree

nodes. Adding edges between high-degree nodes rein-

forced their key roles in the network. By contrast, new

edges for low-degree nodes add shortcuts that may con-

nect some poorly connected nodes or loose clusters a little

bit. Consequently, project information does not have to go

through the few high-degree nodes and have more alterna-

tive paths to be disseminated to another nodes or clusters.

Figure 8. The total number of unique candidate projects that
agents evaluate.

Table 3. Comparison of four communication networks.

Networks Average path length Clustering coefficient

The original network 1.9559 0.6600
The network enhanced with Strategy 1 1.9350 (1.9342–1.9359) 0.7031 (0.7008–0.7054)
The network enhanced with Strategy 2 1.9098 (1.9068–1.9129) 0.6345 (0.6309–0.6381)
The network enhanced with Strategy 3 1.9263 (1.9254–1.9272) 0.5620 (0.5590–0.5649)

Note: 95% confidence intervals are reported in parentheses if available.
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From an organizational management perspective, if

GlobalSympNet would like to facilitate collaboration

among its members, it may want to get peripheral mem-

bers more involved in the community by encouraging

them to communicate with others, especially other periph-

eral organizations. Empirical studies found that core orga-

nizations in the communication network are often larger or

general-purpose humanitarian organizations, such as the

Red Cross or the Food and Agriculture Organization of the

United Nations. These organizations are often well funded

and have less need from others. Meanwhile, peripheral

organizations are often smaller. They may also specialize

in a specific humanitarian area, such as land mine detec-

tion, or a geographic region, such as North America. They

may have with limited information, resources or expertise.

Thus, peripheral organizations have greater need for exter-

nal resources and information and are generally more

motivated to collaborate.

If core organizations are more densely connected to

each other, project information is often exchanged among

this highly connected group. If an organization at the per-

iphery of the communication network would like to send

out information of a candidate project, for which it wants

to solicit collaborators, or to get information about other

candidate projects from peer organizations, it has to rely

on its one or two points of contact among core organiza-

tions. If a peripheral organization has a candidate project

that fails to get support from core organizations, the proj-

ect will have little chance to be received and evaluated by

other organizations, who may be very interested in colla-

borating on the project.

Conversely, if communication between core and per-

ipheral organizations is encouraged, information about

candidate projects can diffuse more easily between infor-

mation- and resource-rich organizations and organizations

who desperately need more information and resources.

Further, if a peripheral organization can talk to more per-

ipheral ones, those who are highly motivated to collabo-

rate are connected directly, which will likely to lead to

more dissemination and collaboration.

5. Conclusions and future work

In this paper, we simulate the emergence of inter-

organizational collaboration networks from individual

organizations’ interaction and decisions in a non-

hierarchical context. The model adopts a multi-relational

perspective and investigate how organizations’ communi-

cation networks affect the growth of the collaboration net-

work. It also uses an event-based approach and generates

collaboration networks from the formation of teams for

joint projects. When modeling organizations’ decision-

making, we capture both endogenous and exogenous fac-

tors that affect organizations’ decisions on whether to

collaborate on a project and to disseminate project infor-

mation. To the best of the authors’ knowledge, this study

represents the first attempt to use agent-based models for

the emergence of inter-organizational networks.

The model is implemented as an agent-based simulation

for a case study of the humanitarian sector. After configur-

ing and validating the simulation, we use the simulation to

study how to promote collaboration among humanitarian

organizations by enhancing the communication network.

The simulation helps to compare the effectiveness of three

different strategies that enhance the communication net-

work. From the perspective of multi-relational network

analysis, the simulation results suggest that adding edges

for low-degree nodes, which will lead to a lower clustering

coefficient, in the communication network may help to

improve the dissemination on the communication network

and the connectivity of the collaboration network. The

organizational implication for humanitarian coordination

bodies is that encouraging peripheral organizations to

communicate more with others, especially with other per-

ipheral organizations, can help them to reach out and con-

sequently facilitate more inter-organizational collaboration

in the humanitarian sector. The case study helps to provide

recommendations on how to promote humanitarian colla-

boration, which will eventually benefit disaster victims.

In addition, the implication of this research is not lim-

ited to this case study only. First, this research illustrates

that one network (the communication network) could have

an impact on the growth and structure of another network

(the collaboration network). Revealing the importance of

the multi-relational perspective, this research should have

implications to the study of complex networks that involve

multiple types of relationships, such as social networks

and supply-chain networks.49 Second, we model the for-

mation of edges in a collaboration network using an event-

based approach, which can better reflect the n-ary nature

of a collaboration relationship in the real world. This

approach can also be applied to the modeling of other net-

works with event-based n-ary relationships. For example,

in a co-authorship network, an event refers to scholars’

collaboration on a paper; in an online social network, an

event could be several users’ participation in the same

threaded discussion. Third, our study proposes a novel

way to model the dissemination of competitive yet non-

exclusive information through networks. Incorporating

individuals’ endogenous prioritizations and exogenous

influence from the network, the new approach can be used

to model the network dissemination of fashion, behaviors,

products, and so on. For instance, different digital gadgets,

such as iPads and netbooks, are competing in the sense

that they all need users’ investment, but they can co-exist

too, because a user may not be limited to only one gadget.

Finally, when properly configured, our model may also be

used to simulate emerging collaboration networks in other

domains, where individuals or agencies interact and have
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an influence on each other in an environment that has no

formal hierarchy and welcomes collaboration. Example

domains include social services, environmental protection,

open-source software development, education, academic

research, and so on.

For future research, we would like to configure and cali-

brate the simulation configuration further, and improve the

accuracy of edge-by-edge prediction, so that this simulation

can be used for more experiments on other inter-

organizational collaboration issues. One possible way to

improve the simulation is to introduce more heterogeneity

among agents. For example, in Equation (4), we can assign

different coefficients values (αm and αr) to agents, which

means they evaluate candidate projects in different ways.

This will bring the simulation closer to real-world situations.

Another possible way is through the use of more data. In

this research, we are limited by the amount of data we can

collect through traditional data collection methods (surveys

and interviews). Thus, we need to consider more effective

methods to collect more data, especially on how networks

among humanitarian organizations evolve over time. More

data will help us to improve and validate our simulation.

Moreover, this research has studied how the communica-

tion network affects the collaboration network and the inter-

action between the two networks is one-way only. We also

hope to explore how the collaboration network in turn affects

the influence and information dissemination among nodes in

the communication network. Another possible research

direction is to incorporate other relationships in this multi-

relational network, such as the business transaction network

and the funding network, into the agent-based model.
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