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The impact of television on cohesion in 
social networks – a simulation study 
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Sturt University, PO Box 789, Albury NSW 2640 AUSTRALIA 

Email: { r st ocker ,  dcor nf or t h,  dgr een} @csu. edu. au 

Abstr act  

One impact of the introduction of television, according to widely held views, is an undermining of traditional 
values and social organization. In this study, we simulated this process by representing social communication as a 
Random Boolean Network in which the individuals are nodes, and each node’s state represents an opinion (yes / 
no) about some issue. Television is modelled as having a direct link to every node in the network. Two scenarios 
were considered. First, we found that, except in the most cohesive networks, television rapidly breaks down 
cohesion (agreement in opinion). Second, the introduction of Hebbian learning leads to a polarizing effect: one 
subgroup strongly retains the original opinion, while a splinter group adopts the contrary opinion. The system 
displays criticality with respect to connectivity and the level of exposure to television. More generally, the results 
suggest that patterns of communication in networks can help to explain a wide variety of social phenomena. 

 

1. Introduction 

There has been much concern in the last 
few decades about social breakdown in 
Western societies. Some studies have 
implicated television as having an active 
role in this. Television is known to 
influence the opinions of individuals, for 
example, in respect to purchasing products 
advertised on television. Affective studies 
have indicated that people show positive 
responses to the TV advertisements 
(Gammage & Stark, 2002). The delivery of 
television news provides a filtered version 
of daily events that often cultivates 
misconceptions and prejudices in public 
opinion (Gilliam & Iyengar, 2000). 

Other studies suggest that television 
violence has significant influence on 
children, stimulating aggressive and 
harmful behaviour (Smith, 1993). Several 
viewer characteristics affect the influence 

that television violence will have on 
behaviour. Characteristics include age of 
the viewer, time spent watching television, 
role models, belief system, intellectual 
achievement and state of mind (Smith, 
1993). Time spent watching television 
influences pro-social and anti-social 
behaviour, racial and gender attitudes and 
ideas about appropriate sex roles by 
providing compelling messages for 
children about social approval for roles of 
males and females of all ages (Witt, 2001). 

There is consequently a popular 
consensus that television has a negative 
influence on society. This consensus, 
together with television’s popularity, 
supports the argument that television has a 
significant influence on socialisation 
(Rhodes, 2000). 

However, individuals are also 
influenced by their peers. Individuals can 
have direct influence over each other, 
through persuasion, orders, providing 
information, acting as role models, etc. 
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(Burt, 1987). Such influences have a 
critical effect on individual decision-
making and social processes and thus the 
intrinsic dynamics of the system (Nowak 
& Lewenstein 1996). 

When a new issue emerges, each 
individual develops an initial attitude 
towards the issue, but this may change 
after subsequent discussion with other 
members of the individual's close social 
network. This process of social 
comparison results in stable agreement and 
attitudes. Where there is initial agreement, 
the opinion is reinforced. Moderate 
disagreement creates uncertainty and 
motivates discussion towards agreement. 
Significant disagreement within a network 
may result in individuals breaking away 
from a group and seeking support 
elsewhere. The fundamentals of social 
comparison theory depend on the nature of 
individuals (in terms of similarities of 
attributes, strategies, etc.) in a social 
network and the nature of their 
relationships (Erickson, 1988). 

In previous studies, we have shown that 
models of social networks can explain 
some aspects of social cohesion (Stocker et 
al. 2000). These models have shown how 
cooperation and cohesion can emerge 
within groups of individuals (Stocker et al., 
2001). In particular, our results showed 
that critical levels of connectivity between 
individuals are required in order to achieve 
consensus within a social network. 

In this study, we use the above 
approach, to address the question of 
whether communication in social networks 
can help to explain the impact of television 
on society. 

2. Modelling social networks 

A social structure composed of individuals 
capable of influencing one another is a 
complex system, and may be represented 
as a random network. Simulation models 
of this type have provided useful insights 

in social science research (Hanneman, 
1995; Hales, 1998; Gilbert and Troitzsch, 
1999). If individuals admit one of two 
possible opinions, the structure may be 
represented as a Random Boolean Network 
(Fig. 1). Such a model may represent, for 
example, that all members agree that they 
are members of a group. If all members of 
the network share the same opinion, a state 
of cohesion exists. This is represented in 
the model by all nodes having the same 
state, designated the “yes”  state. We start 
each experiment with all nodes in this 
state. 

 

 

(a) 

 

 

(b) 

Figure 1. Peer networks. (a) A social 
network (Random Boolean Network) 
showing consensus (all nodes in the same 
state). (b) Breakdown of consensus in the 
same network under the influence of an 
external source (TV) that is connected to all 
nodes. Some nodes have now changed to a 
negative state.  
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In previous studies (Stocker et. al., 
2001), we have shown that in such models 
the network behaviour depends upon the 
parameters of group size, density of 
connections, and pattern of connections 
that is, whether the network is random, 
hierarchical or scale-free (Stocker et. al., 
2002, in preparation). 

In this study, we introduce an additional 
feature – the influence of television, 
represented by a direct connection from a 
special node having the “no”  state. This 
node competes with the “yes”  opinion held 
by all members of the network. Fig. 1 
shows a representation of such a model. 
During each iteration of the model, all 
nodes are connected first to the television 
node, then to the social (or peer) network. 
These two networks are mutually 
independent. The time spent in each 
network is represented by the probability 
of nodes adopting the opinion of another 
node. The more time that a person spends 
on either activity (socializing or watching 
TV), the greater the corresponding 
probability. The model is iterated and we 
study the way in which nodes change their 
opinion from “yes”  to “no” . In real social 
networks, the strength of connection 
between individuals may also be expected 
to affect the probability of a change in 
opinion. Connections may change in 
strength, as individuals spend more or less 
time in one another’s company. The 
connections may be represented in the 
model by real values between 0 and 1 
associated with each link. Changes in these 
values are modelled as a form of Hebbian 
learning (Hebb, 1949). Hebbian learning is 
a plausible mechanism in real social 
networks, as people spend more time with 
those whose opinions they share. 

Random networks have the property 
that the probability of a node having a 
given number x of connections follows the 
Poisson distribution 
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where µ is the expectation of the number 
of connections at any node. The 
reorganisation of the network after 
Hebbian learning may be observed by 
comparing the distribution of the 
connections with this Poisson distribution. 

3. Methods 

In this preliminary study, we examine the 
simplest system, a random social network, 
using two experiments. Both experiments 
involve a network of 100 nodes. 

The first experiment is a sensitivity 
analysis using the following parameters: 

• Probability of changing opinion 
while watching TV (ptv) 

• Probability of changing opinion 
while spending time in the 
social network (pnet) 

• Network connection density 
(density) 

For each combination of parameters, the 
model was initialised with connections 
chosen randomly and all nodes in the “yes”  
state. The model was run for 100 
iterations, and then the number of nodes in 
the “yes”  state was plotted against the 
other parameters. A study of the evolution 
through time was performed by recording 
the number of nodes with a state of “yes”  
at each iteration. Some results from these 
studies are shown in Fig. 2 and Fig. 3. 

The second experiment investigates the 
effects of Hebbian learning on network 
dynamics. As in the first experiments, 
weights were initialised as either 1.0 
(connected) or 0.0 (not connected). 
Hebbian learning was introduced by 
changing the weights after each iteration, 
according to equation (1), where i

ts  is the 

state of node i at time t, ij
tw  is the weight 

connecting nodes i and j, at time t, and �  is 
the Hebbian learning rate. 
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When the learning parameter is non-
zero, the weights will adopt a value 
between zero and one at the end of each 
experiment. An experiment consisted of 30 
iterations, at the end of which the degree 
of each node was calculated as the sum of 
weights impinging upon that node, and a 
frequency distribution was prepared. The 
other parameters used were density = 0.5, 
ptv = 0.1, and pnet = 0.1. 

5. Results 

Fig. 2 shows the results of the sensitivity 
analysis. As expected, increasing values of 
ptv led to more nodes changing opinion to 
“no” , while increasing values of network 
density had the opposite effect. This shows 
that a highly connected network is more 
likely to resist the influence of the 
television node. A critical point is apparent 
for low values of ptv. Below this point, the 
television node has little effect. Above this 
point, the number of “yes”  nodes 
remaining after the model iterations falls 
away steeply. Fig. 3 allows the critical 
point to be seen more clearly, and it occurs 
at a value of ptv around 0.005. 

 

 

Figure 2. The number of “ yes”  nodes 

remaining after 100 iterations of the model 
reduces as the exposure to television (ptv) 
increases, and as the density of peer 
connections decreases. A critical point is 
apparent for low values of ptv, beyond 
which the number of “ yes”  nodes drops 
sharply. 

 

 

Figure 3. Evidence of avalanche effects 
and criticality as increasing time spent in 
the TV network influences a change in 
opinion from “ yes”  to “ no” . At a ptv value 
of around 0.005, the social network can no 
longer maintain consensus with the original 
opinion (“ yes” ). At a ptv value of around 
0.04, the social network operates to cement 
a change to a new consensus (“ no” ) within 
the social network. 

 

Fig. 4 shows results of time series. The 
vertical axis shows number of “yes”  nodes, 
while the horizontal axis shows the 
number of iterations of the model. When 
the density value is low (less than 0.03), 
the network rapidly evolves to a uniform 
state, of all “yes”  or all “no” . When the 
density is around 0.03, the number of “yes”  
states shows oscillatory behaviour. When 
the density is above this figure, the 
network shows chaotic behaviour, 
characterised by a rapidly fluctuating 
number of “yes”  states. This figure of 
around 3% connections is associated with 
a phase change is the network, as it 
becomes fully connected. Below this 
figure, some nodes in the network are 
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isolated from the rest, so are unable to 
resist the influence of television. Above 
this figure, opinions propagate much more 
readily and are able to collectively counter 
the effects of the television node. 
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Figure 4. Variation in the number of “ yes”  
nodes during 100 iterations of the model. 
Settings used in the model were ptv = 0.01, 
pnet = 0.1, and (a) density = 0.01, (b) 
density = 0.05 and (c) density = 0.1. A 
critical point is apparent at a density 
between 0.01 and 0.05, corresponding to a 
phase change as the network becomes fully 
connected. 

 

Fig. 5 shows the results of the second 
experiment. Without Hebbian learning, the 
distribution of connection degree at each 
node (solid curve) approximates a Poisson 
distribution (dotted curve). This is to be 
expected, as the pattern of connections is 
random. When the Hebbian learning rate 
was greater than zero, the distribution 
became bimodal. As the Hebbian learning 
rate was increased, or the number of 
iterations was increased, the divergence 
became more pronounced. The network 
eventually formed two groups, one highly 
connected and preserving the “yes”  state, 
the other with very low connectivity and 

adopting the “no”  state. In this experiment, 
the Hebbian learning served to amplify 
differences in connectivity. The nodes that 
formed a strong subgroup were able to 
resist the influence of television, while 
those nodes with fewer connections were 
unable to resist and consequently became 
more isolated. 
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(b) 

Figure 5. The effect of Hebbian learning is 
to exacerbate fragmentation of the network 
exposed to television. The darker line 
shows the distribution of the degree of 
nodes after 100 generations, with (a) no 
Hebbian learning, and (b) Hebbian 
learning rate = 0.3. Settings are ptv = 0.1, 
pnet = 0.1, density = 0.5. The 
corresponding Poisson distribution is 
shown by the lighter line. 

6. Discussion 

Our simulations of a social network show 
evidence of a breakdown in coherence 
when exposed to an influence external to 



 

– 6 – 

the network. Although the network begins 
with all nodes having the same state or 
opinion (100% coherence), after a number 
of iterations of the model the external 
influence, representing the effect of 
television viewing on a social group, 
undermines the network coherence to a 
degree depending on the parameters. 

As the exposure to the external 
influence is increased, a critical point is 
reached where the number of nodes 
changing opinion rapidly increase. This 
suggests that there is a critical point above 
which exposure to mass media such as 
television will have a dramatic effect upon 
social cohesion. 

As the exposure of nodes to their peer 
group is reduced, the effect of the external 
influence is magnified. This suggests that 
people who have weak social ties may be 
more influenced by mass media. 
Conversely, people who have a strong 
social network are less likely to be 
influenced by mass media. 

The time series results (Figure 4) make 
the important point that attack from the 
external source (ie. television) has a 
devastating effect in all but the most well 
connected networks. In most cases the 
original consensus not only breaks down, 
but eventually flips to consensus on the 
contrary opinion (ie. the “no”  state 
propagated by the television node). All of 
our other results show the state of the 
system after 100 time steps. In other 
words, the region in the “no”  state in 
Figures 2 and 3 would expand if the 
models were run longer. (Conversely, it is 
smaller if the models are run for less time 
steps.) We argue that running the model 
for a finite period is more representative of 
what happens in practice. That is, opinion 
on any issue is normally decided over a 
finite time. Also, the time required for the 
consensus to flip is highly significant as it 
represents a period during which social 
fragmentation is likely to occur.  

Addition of a mechanism to 
dynamically alter the strengths of links 

during the simulation shows that the 
external influence tends to produce a 
polarisation of opinion and connectivity in 
the network. The mechanism, a form of 
Hebbian learning, aims to model the 
tendency of people to spend more time 
with others they agree with on matters of 
perceived significance. As simulation 
progresses, two groups are formed, one 
with high connectivity resisting the 
external influence, and one with low 
connectivity accepting the external 
influence. As the learning rate for Hebbian 
learning is increased, or as the network 
undergoes more iterations, the polarisation 
effect is increased. This result underlines 
the dependence upon a strong social group 
for being able to resist the ideas presented 
by an eternal influence such as television. 

The implications of these findings are 
that television does have an effect upon the 
cohesion of a social network. The degree 
to which cohesion is disrupted depends on 
the amount of time exposed to television, 
the amount of time spent with a peer 
network, the number of peer relationships, 
and the strengths of social links with those 
peers. As these parameters are varied, 
critical points exist, beyond which 
breakdown in cohesion proceeds more 
rapidly. Although these are preliminary 
results, they give cause for concern in 
relation to possible social habits that could 
lead to a breakdown of community. 

Other social processes, for example the 
moulding of public opinion, and political 
stability, can be examined in terms of 
social networks. These results may have a 
bearing on such processes. Finally, we note 
these results also have a bearing on other 
sorts of systems. Examples include the 
action of genetic modules (controller 
gene), and other control systems. 
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