DISCOVERING SOCIAL NETWORKS USING A MOBILE PHONE

GAME

Terry Bossomaier ®, Roderick Duncan ®, Steve D’Alessandro®, YMichelle Evans and “Liaquant Hossian

@Centre for Research in Complex Systems
Charles Sturt University
Panorama Avenue, Bathurst 2795
Australia.
®School of Accounting and Finance
Charles Sturt University
Panorama Avenue, Bathurst 2795
Australia.
©.@School of Management and Marketing
Charles Sturt University
Panorama Avenue, Bathurst 2795
Australia.
© Faculty of Education
Hong Kong University
Hong Kong, China

@ thossomaier@csu.edu.au ®rduncan@csu.edu.au,, sdalessandro@csu.edu.au @

mievans@csu.edu.au, © lhossain@hku.hk

ABSTRACT

This paper is part of a larger project, which applies a social
medicine approach to complex Aboriginal health issues
in Northern Australia. A major component of this project
is the construction and use of multiplex social
networks, both with Aboriginal communities and associated
health care worker networks. In an attempt to overcome
difficulties with language diversity and poor survey response,
amobile computer game is under development for determination
of'the social networks. This paper discusses simulations of the
game developed to optimize the server-side processing required
to elucidate the network.

Keywords: social network analysis, simulation, norm
change, gamification, cell phones, health, Australia,
Northern Territory, Aboriginal, health

1. INTRODUCTION

There is increasing interest in the use of social network
analysis (SNA) to understand patterns of interactions that
may provide for more efficient health delivery systems.
This is particularly so when practices and
communication of prevention can be used by the
community in conjunction with medical advice and
treatments (Kothari, Hamel, MacDonald, Meyer, Cohen,
& Bonnenfant, 2014; Shakya, Christakis, & Fowler,
2014). As these papers show, the use of SNA is also
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useful in the design and delivery and health programs in
developing countries, where existing medical
infrastructure and public health practices may be lacking.
A similar issue can also exist in developed economies
like Australia, where populations have different levels of
access to medical services and may lack sufficient social
networks of health prevention and information. An
example discussed in this paper is Aboriginal health in
Northern Australia.

There are several aspects of Aboriginal health, where poor
outcomes may necessarily are be related to the lack of
medical technology, drugs or treatment protocols. They may
arise instead through issues of social medicine, where
communication shortcomings frustrate prevention and treatment
goals (see for example Preston-Thomas, Fagan, Nakata, &
Anderson, 2013). In this project we focus on social networks,
specifically network resilience, merging the latest theories
in social network analysis and computer simulation with
qualitative research and a leadership-development training
program.

Network resilience is the capacity ofa network to recover from
threats and shocks. However, in the health domain, network
resilience may have effects that can be positive and/or negative:
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o It is beneficial when it helps a community to
support its members, such as in providing food and
assistance to the sick, or emotional support to those
who have suffered loss or mental health
difficulties.

+ It may be harmful if it impairs the reduction of
social contact needed to control a dangerous
infection (for example, the Ebola epidemic in
Africa in 2014) or the drug resistant forms of
tuberculosis (Andre, ljaz, Tillinghast, Krebs, Diem,
Metchock, Crisp, & McElroy, 2007).

+ It may also be harmful if in that it may obstruct
leadership and community empowerment to break
adverse social practices/norms (Carsten, Uhl-Bien, West,
Patera, & McGregor, 2010).

Young & Burke (2009) show that social norms may emerge which
result in some people receiving adverse medical treatment:

...a 75 year old heart patient is more likely to
receive an invasive treatment either coronary
angioplasty or bypass surgery in Tallahassee, a city
with a relatively high pro- portion of younger
cardiac patients (62 and under), than in Fort
Lauderdale, a city with a comparatively older
patient population. Since surgery becomes riskier
with age, 75 year olds in Tallahassee are likely to
have worse outcomes than 75 year olds in Fort
Lauderdale, even with no differences in the average
competence of physicians or other quality factors
across the locations.

Thus social norms, which can be deleterious, are difficult
to break, and ways of bringing about a tipping point to
another more productive norm are eagerly sought (Young&Burke,
2009) . Forthe spread of epidemics, such as HIN1 Spanish
Flu, computer simulation has now reached the level of
modelling every person in a community, 280 million agents
inthe case ofthe Los Alamos Epicast model for the USA
(Germann, Kadau, Longini, & Macken, 2006). We aim
to construct similar models to those aimed at epidemic
threats, such as Extensive Drug Resistant TB, for which
the methodologies are both well established. Gardy, Johnston,
Sui, Cook, Shah, Brodkin, Rempel, Moore, Zhao, & Holt (2011)
concluded that had Social Network Analysis (SNA) been
conducted in association with historical data screening, TB
outbreaks could have been prevented.

The project aims to investigate the important relationship
(for an example see Fuller, Hermeston, Passey, Fallon, &
Muyambi, 2012) between understanding the complexity ofthe
networks within communities and Aboriginal Community
Health (ACH) Centers and their associated care workers
(ACHWs) and to elucidate thus understanding that highlight the
flow of not pathogens, but ideas, information and influence,
along social networks. It targets widespread health problems,
such as hepatitis B (increases liver cancer risk), scabies (also
increases liver cancer risk), renal failure and cardio-
rheumatology. In all these cases the drugs and treatments are
well established and cheap, subsidized to make them easily
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accessible. (Preston-Thomas et al., 2013) for
example, highlight the need for “culturally appropriate patient
education resources” for chronic hepatitis B. Figure 1 shows
the overall project framework.

Qualitative Research
Data Mining -— Intarviews
Computer Modelling — FocusGroups
Participatory Research

Leadership Training
Interventions
Evaluations

Figure 1: Project Structure

An essential requirement of the project is to ascertain the
networks links between community members, ACHWSs
(Associated Health Care Workers) and the cross links between
the two groups. A new mobile phone game is under
development for building these networks, and this paper
describes a simulation model for how it does so.

2. PROJECT BACKGROUND

For infection diseases, such as pandemic flu, and currently
Ebola, simulation plays a major role in predicting spread of
the disease and testing intervention strategies, inthe Epicast
model (Germann et al., 2006) with an computer agent
for every person in the United States. The network of
connections among individuals, through schools, shops, public
transport are explicitly represented to get as accurate estimate
as possible of the infection trajectory.

2.1. Social network analysis for health

In chronic diseases networks are equally important, but
they are social networks, where the infective agents are
not the pathogens, but information and influence. From
the early days of network thinking, when Watts (1999)
introduced small world networks to explain the six
degrees of separation phenomenon, through the rapid
growth in understanding scale free networks, introduced
by (Barabasi & Frangos, 2014) to the exponential
random graphs (Pattison & Robins, 2002) which underlie
many social phenomena, the structure of networks has
emerged as a key driver of social dynamics.

Social networks focus on the relational and interactional
ties between units (Wasserman, 1994). Christakis &
Fowler (2009) cite numerous examples of network
effects in medicine, such as the influence of friends of
friends of friends (three degrees of separation) on
obesity. Centrality is the key concept from graph theory
needed in SNA. From the node level point of view can
be measured in terms of degree (the number of ties to and
from an actor). Structurally, centrality is measured in
terms of closeness (the extent to which an actor is close
to all others in the network) and betweenness (the extent
to which an actor lies in the shortest path to all others in
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the network). So, it is implied that degree centrality
shows the strength of actors’ communication activity
while betweenness centrality indicates an actor’s control
of communication (power and influence) and closeness
centrality shows actors the minimum time and efficiency
for communicating with other actors in the network (or
communication efficiency, see Chung & Hossain, 2010).
Granovetter (1973) introduced the idea of the strength of
weak ties, as the first influential study on the importance
of relations of actors in social networks, arguing that
individuals obtain new and novel information from weak
ties rather than from strong ties within the individual’s
group structure. If 7 has a strong tie with j and &, then j
and k themselves are likely to become friends (the
homophilly principle). Thus, strong ties will tend to
cluster into cliques. The bridge i/ in Figure 2 is a weak
tie that brings novel information to each group.

Figure 2: Weak vs.Strong Ties

As an individual’s personal network grows over time, the
extent of information coming from closely knit clusters
ends to become redundant (Chung & Hossain, 2010).
Actors are in a better position to benefit from interactions
with others, who are not well connected themselves or
are not well organized. Based on this idea Burt (2009)
introduced the idea of structural holes. Holes in the
network refers to the absence of ties that would otherwise
connect unconnected clusters together. For instance, as it
is shown in Figure 3, the network on the left contains
many structural holes while the one on the right contains
few. In other words, the lack of connections among
unconnected nodes in a network form the holes in the
structure. Individuals who bridge these holes attain an
advantageous position that yields information and
control benefits (Chung & Hossain, 2010).

Figure 3: Two ego networks with different structures

Network effects onan individual’s ability to perform better
have been documented in studies on community health,
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communications, sociology and social psychology
(Coleman, 1988; Guetzkow & Simon, 1955;
Leavitt, 1951) and actors with a dense social network
perform better (Oh, Chung, & Labianca, 2004;
Reagans & McEvily, 2003). Furthermore, actors who are
rich in structural holes (connections to social clusters or groups
who are themselves not well connected) are better situated in
their social network to obtain, control and broker
information (Burt, 2009). In the field of medical
innovation, Social Network Analysis (SNA) proved useful for
understanding the diffusion of innovation among physicians
(Coleman, Katz, & Menzel, 1957). It also proved fruitful for
understanding the social processes which intervened during the
initial trials of the drug gammanym, from the time when it was
adopted by a few local innovators to the time when it was
ultimately used by the entire medical community.

2.2. Australian Aboriginal health issues

Several major health problems within Aboriginal
communities are essentially Non-Communicable
Diseases (NCDs), such as renal failure and liver cancer. The
primary causal factors include pathogens for which there
are straightforward treatments and vaccines. The solutions lie
therefore not in conventional but in social medicine, which
involves lifestyle choices and effective communication and
influence. Thus understanding social networks is essential to
addressing questions in social medicine.

In network epidemiology studies traditional SNA has been
widely used to understand mental health (Perrucci & Targ,
1982), social network and health status (Seeman, Seeman, &
Sayles, 1985) and the spread of HIV disease (Morris, 1993). Little
is known about how the social immunity and resilience which
is embedded in social networks of Aboriginal Communities.

Recent developments in network theory surround multiplex
networks (Bianconi & Dorogovtsev, 2014). In such a
network, there is one set of nodes (usually people, but could
include animals or other agents), but with multiple layers,
each layer connected by a different mechanism. So,
for example, a community may have school, work and sport
networks, each connecting its members in different ways.
Such multiplex networks have quite different properties
compared to single layer networks, and are often more difficult
to break apart.
There are five levels of the multiplex network, each targeted
by a separate mission ofthe game:

* The kinship network of family ties

* The peer network of friends of similar age and

occupation, such as teenage groups;

* The cultural / community ties, spreading out

hierarchically from the community elders.

* Theinformation links, which defines the trust

network for data about health risks and treatments.

There are two coupled social networks involved: the networks
of the Aboriginal Health Care Workers; and the networks of the
individuals within the communities themselves. The nature of
this coupling and the associated dynamics are significant in
improving existing, and identifying new, interventions. Better
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health outcomes require changing social norms. We
propose the use ofleadership training will help bring about
change, with effects continuing beyond the lifetime of the
project (Evans & Sinclair, 2015).

Building computational models of social systems often
hits the major difficulty of taking qualitative data from
interviews, focus groups and other tools, and creating
quantitative, algorithmic decision procedures to put into the
computer model. Yet this data flow is critical to building better
agent-based models of socio-economic systems. Numerous
findings, such as PrestonrThomas et al. (2013) highlight the
significance of communication and information dissemination
in Aboriginal Health. Understanding the way influence travels
along social networks within Aboriginal communities is
essential to formulating the most effective leadership training
protocols. The overarching project integrates agent-based
computer modelling and social network analysis, underpinned
by extensive qualitative research applied to Aboriginal
health. It also features the incorporation of the research
findings into leadership training as its capstone health
intervention.

3. SIMULATION TO MODEL NORM CHANGE

This project features a new hybrid approach to
overcoming immunity to change (Keagan & Lahey,
2009). It will use computer simulation, infused by the
network data, to determine the drivers and key network
properties of social norms. It will then simulate various
interventions to create tipping points (Young & Burke,
2009) in these norms. Such interventions could range
from turning an influential individual, to adding financial
incentives to alternative behaviors. The computer
models require a decision process for the agents and a
network model for the communication between them.
The latter is inferred from the qualitative and historical
studies. The decisions use the Quantal response model
(McKelvey & Palfrey, 1998), common in choice
modelling. Such models require a utility, ui,
corresponding to each possible action and temperature
parameter, T = 1, which governs how much noise there
is in the choice. At high temperatures, the choice is
random. At low temperatures, only the choice with
maximal utility is chosen. A simple implementation,
where Pi is the probability of making choice i, from a set
of M choices is:

P =$(M (D
i s ki exp(ﬁuk)
Such models need both verification and validation (Midgley,
Marks, & Kunchamwar, 2007). Verification is the process of
establishing that the software will perform as required. It will be
accomplished using: independent code reading by team
members; testing system level conservation quantities;
checking for expected trends; and sensitivity analysis.
Graphs and networks are visualized with standard software such
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as Pajek and Matlab. To detect tipping points, however, we
will get some parameter values where the model is very
sensitive. To check that these are genuine tipping points
(as opposed to numerical instabilities or in- felicities), we
use a battery of established techniques  (Scheffer,
Carpenter, Lenton, Bascompte, Brock, Dakos, Van
De Koppel, Van De Leemput, Levin, & Van Nes,
2012): increased variatiance; long correlation lengths;
flickering; and maxima in mutual information and transfer
entropy (Bamett, Lizier, Hamé, Seth, & Bossomaier, 2013; Bossomaier,
Bamett, & Harre, 2013; Harré & Bossomaier, 2009).

The Community Health Simulation Model (CHSM) embeds the
social network and the choice mechanism inan Agent Based
Model (ABM) with one agent per person for at least two
communities, the associated Aboriginal Health Care Workers
and other stakeholders. To determine its validity it will simulate
a range of health outcomes as presently observed and
parametrization and network structure fine-tuned accordingly.
The validated model will then be run for various scenarios
suggested by current health priorities and the data from the
social network analysis. It will determine which links need to
be strengthened or broken in order to achieve better health
outcomes.

4. THE GAME

This game is single player, but uses a web site and server-side
processing to elucidate the SNAs. There are three levels.
Each level corresponds to one of the components of the
multiplex network.

There are prizes at each level. At the first level, everybody
wins a small prize, say around $50, typical ofthe cost for
an experimental subject. The second level involves a
smaller number of larger prizes and the third a single new
smartphone.

The game starts with a random network on the server. Each
player gets a challenge, to link two faces, say Ato C, via other
faces presented as an option, say, a,b,c,d. The player,
Leesha, say, has to choose a person which will give the
shortest path to C. Suppose Leesha chooses b. The server now
increases the strength of link b, and generates a new set, x,y,z,
C. Leesha chooses again and again, until she chooses C.

At the beginning, Leesha gets ascore just for completing
the task, soit’s easy to begin with The server meanwhile
has added strengthened her links. Future guesses from other
players get higher scores and the link strength goes up slightly
super linear with number of hits. Thus the network gets more
and more realistic as the game progresses.

A strategy already used in games is employed to increase
engagement. Everybody is trying to maximize his/her score
and cansee a league table. But everybody effectively has
to cooperate to open the next level. This would occur when
the network is stable (details to be worked out about how to
measure this.) At this point all links which never received
reinforcement are deleted. To help with this collective goal, the
growing network could be visualized in the game.
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An important aspect to this: all the people in the game do
not need to play. In fact, one could restrict players toa
target age group, so that we get the network as perceived
by that group. Not sure about whether this is a good
thing. The game is only weakly language dependent,
requiring justa hundred words or so of textat the start
of the game. This is especially important for remote
Aboriginal communities where English may
sometimes be a second, third of fourth language.

5. SIMULATION MODEL

First we consider the need for the
simulation model and then go on to
provide the details.

5.1. Need for the simulation model

Running tests with human players is very time consuming, both
before during and after the experimental run. Yet there are
numerous game parameters and algorithmic details to
optimize:
 Players canenter a link with various levels of
certainty, say, definite, strongly believe, and
unsure. Each decision needs to assign a lower
candidate weight to the link. The weights of these
links determine the ratio of false positive (high weight
to unsure) and true negative (low weight to unsure).
* The number of games needs to be set for the
human trials, or at least some maximum value
needs to be imposed. But the network will asymptote
to the correct set oflinks, sothe convergence needs
to be examined to determine the most effective
stopping point.
e AT the outset it is not known what the fine
structure of the networks willbe. They may be
assortative, homophilic and so, and each network
will present different learning challenges. Thus the
server needs to predict and adapt to these structures
to optimize the presentation of faces for refining
the links. These issues can all be addressed by
simulation.

6. DETAILS OF THE GAME AND SIMULATION

The simulation model first generates a network, either random
or small world, for the community. For each player, it then
generates a reduced network and adds noise. So each player
has a network which connects everybody in the community
(all nodes of the graph), but with varying strength according
to how well they know somebody.

At each time step each player works out the shortest path

between the target faces, given their own network knowledge.
This path is inversely weighted by their certainty of each link.
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So, the shortest path may be longer than the number of
actually steps needed to get from one node to the other,
because this reduced number of links has greater uncertainty.
Inmore detail, each player has a set of links comprising:
* Their direct links, which have value 1, since they
are certain,
* Their next neighbor links, inother words, the
links of their friends; these are less certain and
have a value g,,,,, , Which is set to 5;
* Their remote links, which are random, but biased
towards the correct network, which have a weight
Grem > currently set to 20.

The larger values of the next neighbor and remote links
means that shortest paths will avoid these links if possible.
The game is then iterated for a number of rounds, with each
player playing once inround. Each time a link is used by a
player, the learned network is updated on the server. But the
link strength is updated by the reciprocal ofthe link value. Thus
aremote link (player uncertain about it) contributes less to the
growing network.

The game simulation is built in Matlab R2012b, using the
matlaby, gl toolbox available from Matlab Central on the
Mathworks website
(www.mathworks.com.au/matlabcentral/).

7. RESULTS

The community size was set at 200, as above. The
number of players, 50, was varied along with the number of
nodes. Figure 4 shows the results for a random graph. The
green line shows the number of links correctly identified on
the server. The red (solid) line shows false positives, which
increase slowly as the games progress. The blue line
(major dashed) shows the true negatives, which decrease as
the game progresses.

To play a game, defined here as one face set, could probably be
completed in around 10 seconds. If we say that an average of 5
are completed per minute, the total time would be 200 minutes,
which is quite feasible for a play anywhere anytime mobile
phone game.

Network Links as Function of Games Played

1800 (4

18001 %

= False Posilives

% True Negatives
1400 f

1000 | 3

Links

) 100 200 300 400 500 600 700 800 900 1000
Game number

Figure 4: Simulation results showing true positives
(descending curves) and false positives (rising curves) for
arandom graph.
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Figure 5 shows the same plots for a small-world (Watts,
1999) network. The number of direct neighbors was 20 and
the probability of rewiring 0.1. This gives approximately the
same number of links as the random graph case. The two
networks are quite similar, although the small world is slightly
easier to learn. This is fortunate, since it is more
representative of likely community structures. It is also
fortunate that the differences are not too great, since it
suggests the game will be robust to the actual community
structure.

Network Links as Function of Games Played

1600 m— False Positives
------- True Negatives

Links
g

T T
Game number
Figure 5: Simulation results showing true positives

(descending curves) and false positives (rising curves) for a
small world network.

8. CONCLUSIONS AND FURTHER WORK

The simulation model described here demonstrates that it
should be possible to get good network estimates within an
acceptable timeframe. The next stage of the project is to
test the effectiveness within actual cohorts of players. Pre-
testing of the game will be carried out on two student cohorts,
form quite different social structures: a regional university
in NSW; and the University of Hong Kong. The student
cohorts will contain 200 students matched to similarly sized
Aboriginal communities. For these cohorts the networks
determined by the game will be validated by surveys, focus
groups and interviews.

Furthermore we believe the use of a mobile game
methodology outline in this paper has much to offer the
field of SNA. SNA relies on extensive interviews, where
respondent ability to describe a network may vary, along
with other members of that network (Bader & Schuster,
2015; Gummerus, Liljander, Weman, & Pihlstrom, 2012;
Xu, 2011). The use of secondary information to describe
social networks, may also be limited in that to what
extent respondents’ value or actively use a network
encapsulated by events or online linkages may be
difficult to determine without directly questioning them.
In short, the use of the game methodology as outlined in
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this paper may be an important addition to a social
network analysis, which relates directly back to the
demonstration of a social network as a communication
channel of importance to respondents.

REFERENCES

Andre, M., ljaz, K., Tillinghast, J. D., Krebs, V. E., Diem, L. A.,
Metchock, B., Crisp, T., & McElroy, P. D. (2007).
Transmission network analysis to complement

routine tuberculosis contact investigations. American
Journal of Public Health, 97(3), 470.

Bader, B., & Schuster, T. (2015). Expatriate social networks in
terrorism-endangered  countries: An  empirical
analysis in Afghanistan, India, Pakistan, and Saudi
Arabia. Journal of International Management, 21(1),
63-77.

Barabasi, A.-L., & Frangos, J. (2014). Linked: The new science
of networks science of networks. Cambridge,
Massachusetts: Basic Books.

Barnett, L., Lizier, J. T., Harré, M., Seth, A. K., & Bossomaier,
T. (2013). Information flow in a kinetic Ising model
peaks in the disordered phase. Physical review letters,
111(17), 177203.

Bianconi, G., & Dorogovtsev, S., N. (2014). Multiple
percolation transitions in a configuration model of a
network of networks. Physical Review E, 89(6),
062814.

Bossomaier, T., Barnett, L., & Harre, M. (2013). Information
and phase transitions in socio-economic systems.
Complex Adaptive Systems Modeling, 1(1), 1-25.

Burt, R., S. (2009). Structural holes: The social structure of
competition: Harvard University Press.

Carsten, M. K., Uhl-Bien, M., West, B. J,, Patera, J. L., &
McGregor, R. (2010). Exploring social constructions
of followership: A qualitative study. The Leadership
Quarterly, 21(3), 543-562.

Christakis, N. A., & Fowler, J. H. (2009). Connected: The
surprising power of our social networks and how they
shape our lives: Brown and Company.

Chung, K.-S., Kenneth, & Hossain, L. (2010). Towards a social
network model for understanding information and
communication technology wuse for general
practitioners in rural Australia. Computers in Human
Behavior, 26(4), 562-571.

Coleman, J., Katz, E., & Menzel, H. (1957). The diffusion of an
innovation among physicians. Sociometry, 20(4),
253-270.

194

978-88-97999-59-1; Bruzzone, De Felice, Frydman, Massei, Merkuryev, Solis, Eds.



Coleman, J., S. (1988). Social capital in the creation of human
capital. American Journal of Sociology, 94, S95-
S120.

Evans, M., M, & Sinclair, A. (2015). Navigating the territories
of Indigenous leadership: Exploring the experiences
and practices of Australian Indigenous arts leaders.
Leadership, 0(0), 1-21.

Fuller, J., Hermeston, W., Passey, M., Fallon, T., & Muyambi,
K. (2012). Acceptability of participatory social
network analysis for problem-solving in Australian
Aboriginal health service partnerships. BMC health
services research, 12(1), 152.

Gardy, J. L., Johnston, J. C., Sui, S. J. H., Cook, V. J., Shah, L.,
Brodkin, E., Rempel, S., Moore, R., Zhao, Y., & Holt,
R. (2011). Whole-genome sequencing and social-
network analysis of a tuberculosis outbreak. New
England Journal of Medicine, 364(8), 730-739.

Germann, T. C., Kadau, K., Longini, I. M., & Macken, C. A.
(2006). Mitigation strategies for pandemic influenza
in the United States. Proceedings of the National
Academy of Sciences, 103(15), 5935-5940.

Granovetter, M., S. (1973). The strength of weak ties. American
Jjournal of sociology, 78(6), 1360-1380.

Guetzkow, H., & Simon, H., A. (1955). The impact of certain
communication nets upon organization and
performance in task-oriented groups. Management
Science, 1(3-4), 233-250.

Gummerus, J., Liljander, V., Weman, E., & Pihlstrém, M.
(2012). Customer engagement in a Facebook brand
community. Management Research Review, 35(9),
857-8717.

Harré, M., & Bossomaier, T. (2009). Phase-transition-like
behaviour of information measures in financial
markets. Europhysics Letters, 87(1), 18009.

Kothari, A., Hamel, N., MacDonald, J.-A., Meyer, M., Cohen,
B., & Bonnenfant, D. (2014). Exploring community
collaborations: Social network analysis as a reflective
tool for public health. Systemic Practice & Action
Research, 27(2), 123-137.

Leavitt, H., J. (1951). Some effects of certain communication
patterns on group performance. The Journal of
Abnormal and Social Psychology, 46(1), 38-50.

Midgley, D., Marks, R., & Kunchamwar, D. (2007). Building
and assurance of agent-based models: An example
and challenge to the field. Journal of Business
Research, 60(8), 884-893.

Morris, M. (1993). Epidemiology and social networks:
Modeling structured diffusion. Sociological Methods
& Research, 22(1), 99-126.

Proc. of the Int. Conference on Modeling and Applied Simulation 2015,

Oh, H., Chung, M.-H., & Labianca, G. (2004). Group social
capital and group effectiveness: The role of informal
socializing ties. Academy of Management Journal,
47(6), 860-875.

Pattison, P., & Robins, G. (2002). Neighborhood—based models
for social networks. Sociological Methodology, 32(1),
301-337.

Perrucci, R., & Targ, D., B. (1982). Network structure and
reactions to primary deviance of mental patients.
Journal of Health and Social Behavior, 23(1), 2-17.

Preston-Thomas, A., Fagan, P., Nakata, Y., & Anderson, E.
(2013). Chronic hepatitis B: Care delivery and patient
knowledge in the Torres Strait region of Australia.
Australian Family Physician, 42(4), 225.

Reagans, R., & McEvily, B. (2003). Network structure and
knowledge transfer: The effects of cohesion and
range. Administrative Science Quarterly, 48(2), 240-
267.

Scheffer, M., Carpenter, S., R, Lenton, T., M, Bascompte, J.,
Brock, W., Dakos, V., Van De Koppel, J., Van De
Leemput, 1., A, Levin, S., A, & Van Nes, E., H.
(2012). Anticipating critical transitions. Science,
338(6105), 344-348.

Seeman, M., Seeman, T., & Sayles, M. (1985). Social networks
and health status: A longitudinal analysis. Social
Psychology Quarterly, 48(3), 237-248.

Shakya, H. B., Christakis, N. A., & Fowler, J. H. (2014).
Association between social network communities and
health behavior: An observational sociocentric
Network study of latrine ownership in rural India.
American Journal of Public Health, 104(5), 930-937.

Wasserman, S. (1994). Social network analysis: Methods and
applications (Vol. 8): Cambridge university press.

Watts, D., J. (1999). Small worlds: the dynamics of networks
between order and randomness: Princeton University
Press.

Xu, Y. (2011). Entrepreneurial social capital and cognitive
model of innovation. Management Research Review,
34(8), 910-926.

Young, H., P, & Burke, M., A (2009). Social norms. In Bisin,
A., Benhabib, J. & Jackson, M. (Eds.), Handbook of
social economics. North-Holland, Amsterdam.

195

978-88-97999-59-1; Bruzzone, De Felice, Frydman, Massei, Merkuryev, Solis, Eds.



