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8. Effect of changes in the structure of a
social network on social contagion

Abstract
Agent-based support systems are used to help people with developing and maintaining
a healthy lifestyle. Interventions on the social network of an individual could play a
role in achieving behavior change. In this paper, a method for finding effective network
interventions to influence specific individuals is proposed. The effect of these interventions
was analyzed by simulating the diffusion of emotional values about intentions and goals in a
social network. Experiments showed that changing connections closer to the target have a
larger influence than changing connections further from the target node. A comparison of
the effect of the proposed interventions with all possible interventions showed that they are
among the most optimal possible interventions. Finally, it was shown that nodes with fewer
connections are easier to influence. The proposed interventions could form the basis for a
support system that focus on affecting the social interaction between people in an online
social network.



This chapter is based on:

Michel C. A. Klein, Adnan Manzoor, Julia S. Mollee, and Jan Treur (2014). “Effect of
Changes in the Structure of a Social Network on Emotion Contagion”. In: Web Intelligence
(WI) and Intelligent Agent Technologies (IAT), 2014 IEEEWICACM International Joint
Conferences on. Volume 3. IEEE, pages 270–277
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8.1 Introduction
Developing and maintaining a healthy lifestyle is often a major challenge; e.g. see (Quinn
et al., 2010). One of the problems is that decisions for unhealthy behaviors are mainly
made in an unconscious manner and based on habits. Nowadays, agent-based intelligent
systems are developed for monitoring and supporting people in changing their behavior, for
example, of the type as addressed in Ambient Intelligence; e.g., (Cook et al., 2009). The
main characteristics of Ambient Intelligence applications are that (1) they are nonintrusive,
hidden in a person’s environment, (2) they are able to monitor using sensor systems, and (3)
their interventions have a high extent of sensitivity to the context and state of the person.

In this paper, it is investigated how an agent-based system can exploit the social network
around individuals to support them in their behavior change. It has been found since long
that people are more successful in developing and maintaining a healthy lifestyle when
they function in a supportive social context; e.g., (Wing and Jeffery, 1999; Zimmerman and
Connor, 1989). For example, the number of friends or family members and the frequency
of social contact were found to be positively associated with higher physical activity levels
(Groenewegen et al., 2012; Spanier and Allison, 2001). As observed in (Kendall et al.,
2011), such findings indicate that social networks can provide a leveraging mechanism for
achieving and maintaining a healthy lifestyle; see also (McNeill et al., 2006).

The area of Social Networks has a tradition of more than 40 years, starting in Social Sci-
ence, but more recently it has gradually developed stronger and moved into other disciplines
as well, such as Biology, Neuroscience, Mathematics, Physics, Economics, Informatics,
Artificial Intelligence, and Web Science; e.g., (Boccaletti et al., 2006; Valente, 2010). An
important role of networks is that they form a basis for diffusion or contagion processes
for various matters, for example, diseases, information, innovations, opinions, emotions,
behaviors, and lifestyles; e.g., (Coviello et al., 2014). Monitoring and analyzing the dynam-
ics of given diffusion or contagion processes is one thing. However, having such means
of analysis available, it can be used for prediction as well, and in particular for what-if
simulation: predicting what will happen if some action is undertaken, such as changing the
strength of a certain connection. More generally, methods can be developed to determine
what types of network intervention actions can be undertaken under which conditions in
order to achieve some specific goal. Examples of such goals are: avoiding that an epidemic
will develop, achieving that many persons will know about a new product that you bring
out, achieving that more people will adopt a healthy lifestyle, and avoiding social isolation
among elderly people.

Usually, the network interventions considered in such literature aim at affecting the
whole network in a positive way. However, a more focused and less intrusive approach can
be achieved when in a social network specific persons are selected that are most in need of
being affected positively, and (only) network interventions are generated that have positive
effects on these persons specifically. Such network interventions can be supported by an
agent-based intelligent system that has knowledge about the structure of the network and
the effect of changes in the structure. The system analyzes and affects social interactions
between people in a network to stimulate healthy behavior of some selected persons.

The aim of such an agent-based support system is to achieve a behavioral change of
an individual by changing the structure of the network around a person, which results in a
different propagation of emotional values about intentions and goals.

In this paper, it is described how a number of specific network intervention strategies have
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been designed, and how their effectiveness has been tested and evaluated in a comparative
manner in a developed simulation environment. The adopted approach combines the
predictive value of simulating computational models of social processes with social network
analysis to investigate how social network interventions could be made more effective.

The remainder of this paper is organized as follows. Section 8.2 describes the traditional
approaches towards behavior change and the role that social networks can play. In Section
8.3, the emotion contagion processes in social networks is described. This section also
introduces the set of interventions in the structure of the social network, including heuristics
to select an intervention based on a goal for a specific individual. The hypotheses, experi-
mental framework and the experiment themselves are described in Section 8.4. Section 8.5
contains an analysis of the results and finally, Section 8.6 concludes the paper.

8.2 Behavior change interventions
8.2.1 Traditional behavior change interventions

There are many different situations in which there are active attempts to change the behavior
of people. For example, governments try to promote a more active lifestyle, to reduce the
alcohol consumption, or to stimulate people to eat more healthily. General practitioners
and clinicians aim at changing the behavior of their patients to let them adhere to their
therapeutic advices and to take their medication in the right manner. Interventions to change
the behavior of people in these scenarios either target people as a group via mass media
(e.g., in the form of public health campaigns), or try to focus on individuals. In the first case,
one tries to change the opinions and intentions of all people at the same time by providing
information via advertisements. In the second case, people get personalized support, either
provided by a human coach, or as computer-tailored information (Smeets et al., 2007).

Nowadays, there is also an increasing number of (mobile) support systems that can help
individuals that desire to change their behavior, for example to increase their physical activity,
or to quit smoking. These systems focus on the cognitions and behavior of individuals as
well. The most important elements are usually the monitoring of behavior, self-regulation
(i.e., people can specify personal goals), and persuasive messaging (e.g., based on the
principles of motivational interviewing).

The interventions that are studied in this paper are based on a different approach. Instead
of targeting groups of people or individuals, the structure of the social network around
people is the subject of the intervention.

8.2.2 Social network interventions
There is quite some literature available on interventions that target the network of a group of
people to achieve certain kinds of behavior change. In most of these papers, the goal is to
find the nodes in the network that should change to achieve a change in the whole group. For
example, the authors in (Valente and Pumpuang, 2006) suggest various kinds of strategies to
find the agents in a network that are important to achieve a behavior change in the group.
These strategies focus on persons in the network with larger numbers of connections, as
they may affect many others. Such nodes could represent various types of people, such as
celebrities, opinion leaders or experts in a certain field. In another paper (Borgatti, 2006),
the network structure is exploited to find the key players to make sure that an innovation
diffuses throughout the network. Similarly, in a strongly clustered network, influence can
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take place according to a kind of repeated sequence of waterfalls, where at each step some
time is passing to get a cluster affected, after which a next cluster is affected. Structural
measures are often used to find the important nodes in these processes, which are regarded
as bridging nodes. The authors in (Valente and Fujimoto, 2010) argue that these kind of
nodes have more potential to act as change agent and these individuals are also able to adopt
new behaviors faster than rest of the network. In (Valente, 2010, 2012), more can be found
on the area of network interventions.

Often, the overall goal of network interventions is to apply an intervention at the group
level rather than choosing an intervention based on an individual’s need. The latter is
important, as every person is different and he/she requires personalized support based on
his/her own behavioral characteristics. In this paper, the aim is to achieve a behavioral
change of an individual by changing the network structure.

8.3 Emotion contagion in social networks
8.3.1 Emotion contagion model

The underlying assumption of the structural network interventions is that the behavior of
individuals is influenced by their emotional values about intentions and goals, and that these
values can diffuse through the social network (Coviello et al., 2014). To analyze the effect
of changes in the network structure, a model of contagion of emotions is used. In (Bosse
et al., 2009), the authors used two ‘flavors’ of the contagion model (i.e., absorption and
amplification) to study and simulate emotion contagion processes in groups. Furthermore,
the computational model was used to study the role of emotion contagion to motivate people
in a Twitter network to exercise regularly (Breda et al., 2012). The model is generic and
does not only fit emotion contagion, but also covers behavior contagion. In this work, this
contagion model (Bosse et al., 2009) is used to find the appropriate set of interventions.

The approach presented in this paper differs from the work in (Breda et al., 2012) in at
least three ways. First, the social network is much bigger (34 nodes compared to 4 nodes)
and is based on a realistic network. Second, the approach is based on indirect influence
rather than direct influence, i.e. the change is realized by weakening or strengthening a path
rather than through a particular person in the environment. Third, a much richer collection
of interventions is explored.

The contagion process is modeled in terms of the contagion strength γBA from node B to
node A. It indicates the way in which the actions of node A are affected by the corresponding
actions of node B. For example, if node B expresses his/her intention to visit a fitness center,
node A would also feel the motivation to accompany node B. The contagion strength depends
on three traits: the expressiveness of node B, εB, the openness of node A, δA, and the channel
strength from node B to node A, αBA. In addition to these personality traits, it is also possible
to let other factors have an influence on the connection strength. Such factors could include
the type of relationship, the frequency of interactions, the physical distance between two
people and medium of communication, e.g. whether it is by phone, social media or direct.
This will be included in future work. The formalization for the combined contagion strength
is as follows:

γBA = εB ·αBA ·δA (8.1)
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For the sake of simplicity and to avoid more intricate computations, in the current work,
the three values are not treated separately, but rather only a single connection strength
value between two nodes is considered. Furthermore, each node in the graph is tagged
with an emotion value, that represents the trait/state that is spread through contagion. The
overall contagion strength γA from the rest of the group towards node A is computed as in
Equation 8.2.

γA = ∑
B6=A

γBA (8.2)

The aggregated impact qSA∗ of all these nodes on state S (emotion level) of node A is
computed by means of the weighted average as in Equation 8.3.

qSA ∗ (t) = ∑
B6=A

γBA ·qSB(t)/γA (8.3)

In the remainder of this paper, only one “emotional value” per node is used; thus, the
specific interpretation of the emotion value (e.g., whether it is a goal, intention, etc.) is
abstracted from.

8.3.2 Selection of target connections
An important question is to find out which types of interventions are more effective and
which are less effective. A simple approach is to only consider interventions affecting
direct connections to a specific person in need of change. However, perhaps such persons
in the direct social environment are also not in a good state, as it happens often that direct
contacts strongly affect each other. Therefore, it may be better to look further in the network
for more positive sources, and aim at affecting the given person in a cascade- like, more
indirect manner by an intervention directed to other connections. The interventions that are
investigated in this study all target the strength of certain connections between two nodes in
the network: either to decrease the strength of negative influences on the target node, or to
increase the strength of positive influences on the target node.

In order to do so, first all strong paths to the target are identified. This is achieved
by doing an exhaustive search of paths leading to the target node, up to a certain strength
threshold. The path strength is calculated by multiplying the connection strengths of all
connections in the path. In this search, cyclic paths are allowed, as emotion contagion
effects also spread through circular paths. Then, the path is selected that has the highest
combination of negativity (i.e., inverse positivity) of its nodes and strength of its connections.
The pseudo code for finding this strong negative path is shown in Algorithm 8.1.

In the strong negative path, two connections are selected as locus for the interventions:
(1) the first connection, that is closest to the target node, and (2) the strongest connection in
the path. Once these two target connections are identified, four degrees of interventions are
applied: (1) decreasing the connection strength to 75% between the current value and 0 (i.e.,
multiplying by 0.25), (2) decreasing the strength to 50% between the current value and 0,
(3) decreasing the strength to 25% between the current value and 0, and (4) ‘cutting’ the
connection in the path by decreasing the strength to 0. These four degrees of the intervention
are considered, in order to be able to study the effects of different ‘sizes’ of the intervention.
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Algorithm 8.1: Strong negative path strategy.

1 g←− input graph
2 t←− target node
3 s←− strength threshold
4 i←− interventions
5 function findStrongNegPaths(g, t,s):
6 // Find all strong paths through exhaustive search,
7 // up to a certain path strength threshold s.
8 paths = findAllStrongPaths(g, t,s)
9 // Find the path with the highest combination of path strength

10 // and path negativity in paths.
11 foreach path in paths do
12 // Calculate combination of strength and negativity.
13 path.score = calcStrength(g, path) · calcNegativity(g, path)
14 // If the score is higher than the score for the other paths,
15 // then store it.
16 if path.score > maxScore then
17 maxScore = path.score
18 result = path
19 end
20 end
21 end

A similar approach is followed for the increasing the strength of positive influences
on the target node. First, all weak paths (up to a certain length threshold) to the target are
listed. Then, the path with the highest combination of positivity of its nodes and weakness
(i.e., inverse strength) of its connections is identified. A comparable algorithm is used to
find the weak positive paths as the one described above. In the weak positive path, again
two connections are selected as locus for the interventions: (1) the first connection, that
is closest to the target node, and (2) the weakest connection in the path. On these target
connections, again four degrees of interventions are applied: (1) increasing the connection
strength to 25% between the current value and 1, (2) increasing the strength to 50% between
the current value and 1, (3) increasing the strength to 75% between the current value and 1,
and (4) maximizing the connection in the path by setting the strength to 1. Table 8.1 shows
an overview of the resulting 16 intervention types.

8.4 Experiments
8.4.1 Research questions

In this paper, several experiments are described that should contribute to the understanding
of the effect of different interventions in the connection strengths of a social network. A
number of hypotheses (H1–H4) about the differences in the effect of the heuristics have
been defined. The first aim of this research is to verify these hypotheses (listed below).



150 Chapter 8. Effect of changes in a social network on social contagion

H1. The interventions are based on imperfect heuristics, so some inter-
ventions may also lead to lower emotion values, compared to not
intervening in the network structure.

H2. Given a certain locus of intervention, i.e. the targeted connection:
the larger the change in the connection strength, the larger the effect
on the target node. More specifically:

a. The effect of intervention 1Aiv will be stronger than the effect
of interventions 1Ai, 1Aii and 1Aiii.

b. The effect of intervention 1Biv will be stronger than the effect
of interventions 1Bi, 1Bii and 1Biii.

c. The effect of intervention 2Aiv will be stronger than the effect
of interventions 2Ai, 2Aii and 2Aiii.

d. The effect of intervention 2Biv will be stronger than the effect
of interventions 2Bi, 2Bii and 2Biii.

H3. The effects of interventions A (targeting the first connection in a
path) can be weaker than the effects of interventions B (targeting
the strongest/weakest connection in a path).

H4. The most successful interventions will always be at a connection
within the three degrees of influence (Christakis and Fowler, 2007)
from the target node.

Table 8.1: Overview of intervention types.

1 Interventions to decrease strength of strong negative path (snp)
A Decrease strength of first connection in snp.

i Decrease connection strength to 75% between current value and 0.
ii Decrease connection strength to 50% between current value and 0.
iii Decrease connection strength to 25% between current value and 0.
iv Decrease connection strength to 0.

B Decrease strength of strongest connection in snp.
i Decrease connection strength to 75% between current value and 0.
ii Decrease connection strength to 50% between current value and 0.
iii Decrease connection strength to 25% between current value and 0.
iv Decrease connection strength to 0.

2 Interventions to increase strength of weak positive path (wpp)
A Decrease strength of first connection in snp.

i Increase connection strength to 25% between current value and 1.
ii Increase connection strength to 50% between current value and 1.
iii Increase connection strength to 75% between current value and 1.
iv Increase connection strength to 1.

B Increase strength of weakest connection in wpp.
i Increase connection strength to 25% between current value and 1.
ii Increase connection strength to 50% between current value and 1.
iii Increase connection strength to 75% between current value and 1.
iv Increase connection strength to 1.
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The second research question is to what extent the heuristics find the most optimal
connection to be changed. In order to answer this question, the results from the intervention
based on the heuristic search will be compared to the results of a brute-force test of all
possible interventions.

As a third research question, it is investigated whether the outcomes of the heuristics are
dependent on the connectedness of the target node, or more specifically, on the degree of the
target node. To this end, the experiment is run on three different target nodes, each with a
different level of connectedness, and compare the results.

8.4.2 Zachary social network
The network that is used in the experiments in this paper is based on the classical Zachary
karate club network (Zachary, 1977). The data were collected from the members of a
university karate club in 1977 and represent friendship relations. Originally, the network
consists of 34 nodes and 78 undirected and unweighted edges. However, for our experiments,
the network was transformed into a weighted directed version by randomly assigning weights
to each of the directions of all edges. Additionally, random “emotion” values have been
assigned to the nodes in the network.

Figure 8.1 depicts the resulting network. The emotion value of the nodes is indicated by
their color: the lighter the color, the higher the emotion value. The degree of the nodes is
shown by their size: the larger the node, the higher the degree.

Figure 8.1: Transformed Zachary social network.

An important property that needs to be validated before using this network for further
experiments is the scale-free power-law distribution. It is known from literature that many
real-world networks follow the power-law distribution: the fraction of nodes with degree k,
denoted as P(k) is approximated by a function f (k) = ck−γ for some γ , which typically lies
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between 2 and 3, and a constant c.
In practice, it is often the case that not all data concerning a phenomenon follow the

power-law distribution. Therefore, it is sometimes necessary to remove nodes which can
be regarded as outliers, because they may prevent the network to follow the distribution.
In the case of the Zachary network, one such outlier, a node with a single connection,
was removed for analysis of its adherence to the power-law distribution. Furthermore, a
parameter estimation method called sum of squared errors was used to find the most suitable
values for γ and c (constant of proportionality), which are 1.9 and 45 respectively. As can
be seen in Figure 8.2, our empirical data (blue curve) follow the ideal power-law pattern
(red curve) quite well.

Figure 8.2: Degree distribution of the Zachary social network vs. ideal power-law distribution.

8.4.3 Experimental framework
The experiments consist of two parts. In the first part, the target connections for the
interventions are determined, based on the heuristics described in Section 8.3.2, and the
networks with the adjusted connection strength are generated. In the second part, these
adjusted networks serve as input for the emotion contagion model described in Section 8.3.1.
All scripts were developed in Python.

In order to run the experiments, several simulation parameters need to be set. First, one
should determine on which time point to evaluate the results of the interventions. Because of
the absorptive nature of the emotion contagion model, the emotion values tend to converge
(i.e. regression to the mean), and are therefore difficult to compare at later time points.
Exploratory simulations revealed that the emotion values at time step 15 were already more
or less stabilized, but not yet converged completely, as illustrated in Figure 8.3. Therefore,
t = 15 was chosen as the time point for the evaluation.

Two other simulation parameters that should be determined are the length threshold and
the strength threshold for the path search algorithm, in order to limit the search of paths to
the target to paths of a certain strength (for strong paths) or length (for weak paths). These
thresholds were set at 0.05 and 5, respectively, because these values led to sufficiently good
results within very acceptable computation time.



8.4 Experiments 153

Figure 8.3: Emotion values of all nodes over time.

8.4.4 Experiments and results
To answer the research questions, several experiments have been performed. The set of
heuristics has been applied to three different target nodes: a very well connected node, an
averagely connected node, and a weakly connected node. To guarantee that emotion value of
a targeted node can increase, the nodes are selected from the subset of nodes with the lowest
emotion value (i.e., 0.1). Otherwise, the regression to the mean would cause the emotion
values of target nodes to always decrease. As measure for connectedness, the degree has
been used. The following target nodes have been selected:

• Agent n1 (degree 16)
• Agent n4 (degree 6)
• Agent n21 (degree 2)
For each of these nodes, all possible strong negative paths and weak positive paths were

calculated, following the procedure described in Section 8.3.2. The exhaustive search for
strong negative paths for the three target nodes n1, n4, n21 resulted in respectively 33,279,
10,168, and 3,570 paths. From these, the ones with the highest combination of strength and
negativity are chosen. For the weak positive paths, the exhaustive search resulted in 86, 53,
and 32 different weak positive paths. The ones with the highest combination of weakness
and positivity were chosen. The strength of the selected connections was then adjusted.

For the networks resulting from these interventions, a simulation of the emotion conta-
gion process has been performed, which results in an emotion value of the target node at
time step 15.

Table 8.2, Table 8.3 and Table 8.4 list the outcomes for the three different target nodes.
The first column shows the intervention that was applied (cf. Table 8.1). The next column
shows the two nodes between which the connection is altered. The third column shows the
emotion value of the target node at time step 15, and the final column shows the difference
between that emotion value and the emotion value at time step 15 when there was no
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intervention. The shading of the cells containing the emotion values indicates their relative
position: the higher the emotion value, the lighter the cell shading. In addition, the highest
emotion value is printed in boldface.

Table 8.2: Results for target n4.

Intervention Connection Emotion Difference
None from to 0.51389 0

1A-i n3 n4 0.51471 0.000825
1A-ii n3 n4 0.5154 0.001515
1A-iii n3 n4 0.51589 0.002004
1A-iv n3 n4 0.51609 0.002202
1B-i n4 n3 0.514 0.000119
1B-ii n4 n3 0.51414 0.000251
1B-iii n4 n3 0.51428 0.000399
1B-iv n4 n3 0.51445 0.000566

2A-i n8 n4 0.51503 0.001149
2A-ii n8 n4 0.51617 0.002282
2A-iii n8 n4 0.51728 0.003399
2A-iv n8 n4 0.51839 0.0045
2B-i n3 n8 0.5049 -0.00899
2B-ii n3 n8 0.4976 -0.01629
2B-iii n3 n8 0.49167 -0.02222
2B-iv n3 n8 0.48684 -0.02704

In addition to the simulations of the effect of the specific changes in the network, a set of
simulations of the effect in the all possible changes in the connection strengths in the network
has been performed in a brute force manner. The Zachary network, on which the experiments
are based, has 34 nodes. Initially, the graph was undirected with 78 connections but to apply
the emotion contagion model in a more realistic way, these undirected connection were
changed into directed ones. Hence the graph has 156 edges (connections). The graph is
implemented as a key-value pair, where a key denotes a particular node and value is either a
connection to another node or an emotion value. The algorithm for generating all possible
changes loops through all pairs of nodes and changes all those connections one by one,
ultimately storing the results in a CSV file for further processing. The pseudo code for the
brute force strategy is given in Algorithm 8.2.

The brute force algorithm resulted in 1,248 possible changes in the network: the eight
different interventions have been applied to all 156 connections in the network. These
adapted structures together with the original network have been used as basis for the
simulation of the emotion contagion. Finally, this produced the final emotion values at time
step 15 of all 34 nodes in 1,249 situations. The brute force analysis allows for comparing
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Table 8.3: Results for target n1.

Intervention Connection Emotion Difference
None from to 0.46534 0

1A-i n11 n1 0.46795 0.00261
1A-ii n11 n1 0.47062 0.00528
1A-iii n11 n1 0.47336 0.00803
1A-iv n11 n1 0.47618 0.01084
1B-i n11 n1 0.46795 0.00261
1B-ii n11 n1 0.47062 0.00528
1B-iii n11 n1 0.47336 0.00803
1B-iv n11 n1 0.47618 0.01084

2A-i n32 n1 0.46586 0.00053
2A-ii n32 n1 0.46638 0.00105
2A-iii n32 n1 0.4669 0.00156
2A-iv n32 n1 0.4674 0.00207
2B-i n19 n33 0.46547 0.00013
2B-ii n19 n33 0.46559 0.00025
2B-iii n19 n33 0.46571 0.00037
2B-iv n19 n33 0.46582 0.00048

Algorithm 8.2: Brute force strategy.

1 g←− input graph
2 n←− nodes
3 e←− edges
4 i←− interventions
5 foreach node n in graph g do
6 foreach incoming edge e in (n,n’) do
7 foreach intervention i do
8 temp = e.weight
9 // Modify the current edge weight with the next intervention.

10 e.weight = i.next()
11 // Apply the contagion model.
12 emotionContagion(g)
13 // Save the results in CSV format.
14 // Return to initial value.
15 e.weight = temp
16 end
17 end
18 end
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Table 8.4: Results for target n21.

Intervention Connection Emotion Difference
None from to 0.4036 0

1A-i n34 n21 0.38036 -0.02324
1A-ii n34 n21 0.35198 -0.05163
1A-iii n34 n21 0.31738 -0.08622
1A-iv n34 n21 0.27532 -0.12828
1B-i n34 n21 0.38036 -0.02324
1B-ii n34 n21 0.35198 -0.05163
1B-iii n34 n21 0.31738 -0.08622
1B-iv n34 n21 0.27532 -0.12828

2A-i n33 n21 0.42412 0.02052
2A-ii n33 n21 0.44071 0.03711
2A-iii n33 n21 0.45411 0.0505
2A-iv n33 n21 0.46489 0.06129
2B-i n19 n33 0.40426 0.00066
2B-ii n19 n33 0.40488 0.00128
2B-iii n19 n33 0.40548 0.001874
2B-iv n19 n33 0.40604 0.002439

the effect of the changes suggested by the heuristics with the optimal effect.

8.5 Discussion
In this section, the results of the experiments are discussed and the research questions that
have been formulated are answered.

8.5.1 Comparison of different strategies
The results of the different interventions, summarized in Table 8.2, Table 8.3 and Table 8.4,
show a number of interesting findings.

First, for two of the target nodes, some interventions lead to a lower emotion value,
compared to not intervening in the network structure. This finding is in line with our
expectations as stated in hypothesis H1. For example, with agent n4 as target node, all
interventions that increase the strength of the weakest connection in a weak positive path
(<n3, n8>), i.e. interventions 2B-i to 2B-iv, lead to lower emotion values. A possible
explanation for this finding is that agent n3 is connected to a number of nodes, which have
relatively low emotion values. By increasing the influence of n3 on n8, the influence of the
negative nodes on n4 is also enhanced. So, even though this connection is found in a weak
and positive path, it may still be a connection to a ‘hub’ of negative nodes.

Second, for all target nodes and all targeted connections, the results show that larger
changes in the connection strength lead to larger effects in the resulting emotion value. This
outcome is consistent with our second hypothesis, H2. It holds for all subhypotheses, H2a,
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H2b, H2c and H2d. This finding is also reflected in the fact that the interventions with the
highest resulting emotion value are either cutting a connection by decreasing its strength to
0 (target n1 ), or increasing a connection strength to 1 (target n4 and target n21 ).

Third, the results indicate that the interventions with the highest resulting emotion
value all act upon a direct connection of the target node. This outcome is in line with
the expectations in our final hypothesis, H4, but it contradicts the third hypothesis, H3.
This finding suggests that the biggest improvement can be found by considering only the
first-order connections of a certain individual. However, additional research should be done
to find out whether this is a structural finding, or an artefact of our particular dataset.

8.5.2 Optimal connection found
The results show that for each target node, an intervention was found that leads to an
improvement in the resulting emotion value, compared to not intervening in the network
structure. However, in order to evaluate the quality of the underlying heuristics, the results
were compared to the ordered list of all 1,249 possible results, as determined by the brute-
force search.

Table 8.5 gives an overview of the rank of the selected interventions and the situation
with no intervention, together with the corresponding percentile. As shown in the final
column, for each of the three target nodes, it was found that about half of all possible
interventions will lead to lower emotion values than when not applying an intervention. The
selected interventions, however, lead to emotion values in the 98th or 99th percentile. For
target node n21, our heuristics were even able to find the best intervention out of the 1,249
possibilities.

Table 8.5: Rank of selected interventions and no intervention in set of all possible outcomes.

Selected intervention No intervention

Rank Percentile Rank Percentile

Target n4 15 98th 629 49th

Target n1 7 99th 630 49th

Target n21 1 99th 626 49th

Histograms of the data show that the selected interventions are far into the right tail of
the distribution of the possible outcomes.

Figure 8.4 illustrates the relative position of the selected intervention for target n1 in the
set of all possible outcomes for this node. The intervention is denoted by a green triangular
mark and can be found in the right tail. The resulting emotion value in the situation without
intervention is marked with a red triangle, and can be found around the mean.

Additional simulations revealed that deeper searches, i.e. with looser thresholds for
the length or strength of the investigated paths, still found the same target connections.
Furthermore, deeper searches led to an enormous increase in computation time, even with
only a marginal difference in the thresholds. For example, increasing the length threshold
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Figure 8.4: Frequency distribution of emotion values for target n1 in 1,249 possible interventions.

from 5 links to 8 links, or decreasing the path strength threshold from 0.05 to 0.03, increased
the computation time from mere seconds to hours/days.

8.5.3 Effect of connectedness
The third aim of this research was to investigate whether the connectedness of the target
node affects the outcomes of the heuristics. As the results show, the strongly connected
node, target n1, benefited most from cutting a connection to one of its neighbors. The less
connected nodes, target n4 and target n21, benefited most from increasing a connection
to one of their neighbors. However, more network data would be required to determine
whether these findings are generalizable.

Another interesting finding lies in the range of outcomes of the interventions for each of
the target nodes. For target n1, with degree 16, the difference between the highest and the
lowest emotion value is approximately 0.01. For target n4, with degree 6, this difference
is approximately 0.06 and for target n21, with degree 2, this difference is approximately
0.19. This could be explained by the fact that the effect of applying an intervention on one
connection is diminished if the target node has many other connections. This implies that
individuals with few connections are easier to influence than highly connected individuals.

8.6 Conclusions and future work
In this paper, a number of network interventions have been introduced that focus on achieving
an effect on a specific individual in a social network. The interventions exploit the structure
of the network around the individual to find strong transitive connections to people with
a negative influence and weak transitive connections to people with a positive influence.
Via simulation experiments, the effect of the changes in the structure of the network on the
individual have been studied.

The aim of the proposed social network interventions is to investigate whether it is
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possible to design a support system that can influence a person by affecting the social
interaction with other persons. The simulation experiments have shown that this is the case:
it is possible to identify and change specific connections in a network such that it has a
positive effect on the targeted individual.

There are no clear conclusions yet on the type of change to connections. The results
indicate that changing the strength of nearby connections seems to have more influence
than changing very strong/weak connections in a path. Larger changes in the connection
strengths have larger effects.

With respect to the selection of connections that should be changed, it can be concluded
that the proposed heuristics performed very well. For all targets that have been considered, it
turned out that the connection that was selected to be changed was among the best possible
options. Another finding was that changes in connections to sparsely connected nodes have
larger effects than changes in connections to highly connected nodes.

More research is required to validate the initial findings, preferably with larger and real
network data. Future work includes plans to perform the heuristics on data of an existing
social network of people that aim at increasing their physical activity.

The proposed network interventions can be used in the context of a behavior change
support system. By emphasizing or filtering the information about behavior, intentions
or goals that is shared between people in an online social network, it is possible to alter
the social interactions and thus the spread of influences throughout the network. Another
application would be to suggest a person to make strong ties with more positive people
around him or her or restrain completely or to reduce communication with negative people.

The research presented in this paper combines computational modeling of social pro-
cesses with social network analysis in order to steer interventions in a social network.
Thereby, this approach uses the predictive value of model simulations to investigate the
suitability of a set of heuristics for identifying the most effective change in a network
to positively influence an individual. It therefore lays a valuable foundation for network
interventions that aim to stimulate health behavior change. In addition, it can serve as a
reference point for further investigation of contagion processes in social networks.
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