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(a) Node degree distribution before minor (b) Node degree distribution before medium
conflict percolation to high conflict percolation

(c¢) Resulting network density. The largest (d) Node degree distribution following large
friendship peaks represent point at which percolation of conflict

node distribution is either Log Normal or

Normal

Figure 2: Propagation of Conflict in Networks - Effect on density and distribution of degrees

However, although our simulation value results, from figure 2 above, with a critical point
hovering around a network density of roughly 0.10 is quite realistic, it is important to note
here that these results come from a model with a very extreme and possibly somewhat
unrealistic, in terms of most social networks, parameter probabilities (see Table 1, A).

It may not be so interesting that we were able to find realistic conflict percolation given
a highly idealized friendship network. However, further runs of the model show us that
this result is maintained under certain model conditions; some of which could arguably be
considered empirically relevant. In figure 3.2a, we see that a critical point around 0.10 can be
observed given quite different parameter settings (see Table 1, B). Figure 3.2b shows a similar
result with even more moderate friendship fluctuation and higher friendship probabilities and
lower decay probabilities (see Table 1, C). Therefore, these two results show that realistic
conflict percolation can certainly develop within our model under conditions that would also
be empirically plausible. However, through our experimentation we were able to find that
not all parameter settings produce results that are quite as reasonable.
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Figure 3: Typical Network Shape in low-conflict phase

3.3 Parameter Sweep

The models parameter sweep gives us a good understanding of the conditions needed to
produce realistic network evolution behaviors and characteristics. For the most part, we
found that a large number of network settings tended to produce network densities which
either crashed all together or hovered around a critical point ~ 0.02. The network crashes
were typically found when either conflict probability was too high, conflict decay was too
low, friendship decay was too high, or nodes were added to the system at a rate that was
too frequent. A typical result of network crash is displayed in figure 5a. On the other hand,
we found the network to survive crashes but to remain self-sustainable only at relatively low
levels of network density. This result typically occurred when friendship creation probabilities
were too low or when friendship assessment occurred too frequently. An example of low
network criticality is displayed in figure 5b below.

In conclusion, we found that the key to producing realistic network evolution behaviours
was not so much the value of the parameters themselves but the appropriate mixture of
parameter value proportions in a given simulation. That is, realism could be found with
either high conflict decay coupled with low conflict onset or with high tie decay in general
along with low friendship assessment. Subsequently, we also found that conflict onset typi-
cally could not rise above 0.10 without disrupting the realism of the results. Furthermore,
as described in the first subsection of this section, we found that the probability of making
new friends from ones friends friends largely affected the overall volatility of the network
density. Finally, for the range of successful or realistic simulation runs, realism was typically
produced within a window of about only 10% change (5% above and below the values given
above) in the aforementioned successful probability parameters.
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Figure 4: Sustainable network density at realistic parameter levels

4 Conclusion

In this paper, we demonstrate a simple agent-based simulation methodology that integrates
destructive processes — conflicts — into the fabric of network evolution.

We also demonstrate two phase transitions in development of networks. The first phase
transition occurs as network moves from linear growth and normally distributed degree (a-la
Erdos) to exponential growth and power-law distributed degree of scale-free networks. This
phase transition is percipitated by a single rule, and occurs at a critical density indepenent
of network size or rate at which nodes are added.

At the same time as nodes are added, a conflict may strike a random pair of nodes with
a constant probability. These conflicts propage through the network by agents seeking to be
embedded in balanced triads. Thus in dense network structures a single conflict can possibly
produce a large-scale avalanche of propagating conflict ties. Alternate periods of rapid growth
and destruction signal a new phase transition - from a growing network to one that oscillates
around a dynamic equilibrium while maintaining a relatively stable density. The densities
achieved through our simulation strongly mimic these found in empirical networks.

We demonstrate that the resulting network has strong core-periphery features and a
power-law distribution of degrees, yet is derived from a socially justifiable process. We also
demonstrate that conflict is strongly localized and the scope of its propagation is Power Law
distributed.
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(a) Network crash - network cannot be sustained (b) Network sustained at high levels of conflict and

very low density

Figure 5: Extreme conflicts in networks - is this the World at War that Hobbes predicted?
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