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Chapter 15
Social Integration in a Diverse Society:
Social Complexity Models of the Link
Between Segregation and Opinion
Polarization

Andreas Flache

Abstract There is increasing societal and scholarly interest in understanding how
social integration can be maintained in a diverse society. This paper takes a model of
the relation between opinion polarization and ethnic segregation as an example for
social complexity. Many argue that segregation between different groups in society
fosters opinion polarization. Earlier modeling work has supported this theoretically.
Here, a simple model is presented that generates the opposite prediction based on
the assumption that influence can be assimilative or repulsive, depending on the
discrepancy between interacting individuals. It is discussed that these opposite results
from similar models point to the need for more empirical research into micro-level
assumptions and the micro-to-macro transformation in models of opinion dynamics
in a diverse society.

Introduction

Migration bothwithin and between countries has strongly increased in recent decades
[11]. FormanyWestern societies this comeswithmore ethnic and cultural diversity of
their population. Other societies, like India, know high levels of diversity already for
manycenturies. Ethnic and cultural diversity havemanybenefits, for example in terms
of a broader pool of talent or more creativity in diverse teams in organizations [16].
But diversity also constitutes a challenge for societies. Often diversity is associated
with high levels of segregation between different groups [9], or with differences
betweengroups in attitudes on fundamental issues such as civil rights of homosexuals,
legalization of abortion, or gender equality [38].

There are no easy answers to the question under which conditions diversity can
endanger societal integration and foster instead persistent disagreement or even polar-
ization. Polarization can be described as the tendency of a population to fall apart
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into a small number of subgroups with large agreement within and disagreement
between them [6]. Whether and under which conditions polarization arises is notori-
ously hard to predict. The evolution of the distribution of opinions in a society results
from numerous simultaneous interactions between individuals both within their own
cultural subgroups as well as across intergroup boundaries. Some of these interac-
tions may drive groups apart, others may foster consensus. For example, research in
the tradition of contact theory emphasizes that intergroup contacts reduce prejudice
and promote agreement [1, 14, 40], but negative interactions at the individual level
can also result in deeper divisions between groups [43, 44]. Polarization can thus
be an outcome that results from the interactions of multiple individuals who neither
expect nor intend to bring it about. One reason is the possibility that small changes
in opinion distributions can have large unexpected consequences, for instance when
disagreement emerging between some individuals in a local region of a network
spreads and then quickly becomes amplified by social contagion [7, 20]. Identifying
the conditions and mechanisms under which social influence dynamics in a diverse
population result in polarization is therefore a major scientific issue with a long
tradition of vivid debate [34].

In search for tools to tackle the inherent complexity of collective opinion dynam-
ics, researchers used in recent decades increasingly agent-based computational mod-
eling [5, 22, 28]. While this has greatly helped to understand the complex interplay
of individual-level social interactions with macro-level outcomes, it also highlighted
that the outcomes of opinion dynamics can sensitively depend on the exact assump-
tions researchers make about the process of social influence at the micro-level. In
this paper, I will illustrate this with a model of the relationship between segregation
and polarization in a diverse society. According to many, segregation between differ-
ent subgroups is one of the important reasons for persistent disagreement between
groups. Segregation is the separation of different groups, for example between res-
idential areas of a city [9], or between different clusters in a social network [12,
36]. Segregation can reduce the extent of intergroup contact [8] and thus exacerbate
prejudice. A further problem is that segregation can create ‘bubbles’ within which
only like-minded people meet and interact. As former U.S. president Obama pointed
out in his farewell address, in such a bubble we are “surrounded by people who look
like us and share the same political outlook and never challenge our assumptions”,
such that “we become so secure ... that we start accepting only information, whether
it’s true or not, that fits our opinions” [39].

The argument that segregation fosters polarization seems compelling, but social
complexity models showed how different equally plausible micro-level theories of
social influence can generate radically different implications. A number of formal
models is consistent with Obama’s intuition. Building on persuasive argument theory
[37, 46], models proposed by Mäs and coauthors [31, 33] assume that agents with
more similar opinions are more likely to persuade each other to strengthen their
already prevailing opinion tendency. Simulations demonstrated how then opinions
in different subgroups can be pushed towards opposing poles of an opinion spectrum
if agents prefer interacting with similar others, based on the principle of homophily
[35]. Similar dynamics have also been derived from models of “biased assimilation”
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[4, 13] in which agents are assumed to put more weight on those influences in the
process of assimilation that are in line with their current opinion.

Models of persuasive arguments and biased assimilation suggest that segregation
fosters opinion polarization. Building on earlier work [17], I will show in this paper
that radically different conclusions can be drawn from another class of models. I
follow a number of studies [2, 3, 15, 18, 20, 26, 29, 30, 41] which incorporated into
models of social influence the assumption that influence can not only be assimila-
tive, reducing opinion differences, but also repulsive. When influence is repulsive,
individuals strive to be dissimilar to people they dislike, accentuating disagreement
with others. But this only happens when those others are perceived as being too
discrepant, otherwise influence is assimilative. This combination of assimilative and
repulsive influence is suggested by theories of fundamental psychological processes
in the formation of attitudes, like Heider’s balance theory [23] or Festinger’s theory
of cognitive dissonance [19]. In a number of formal models elaborating this idea, it
has in particular been assumed that perceived discrepancy not only arises from dis-
agreement in opinions between individuals, but also from ‘demographic’ differences
representing fixed characteristics like gender, race or ethnicity [17, 21, 30].

I will demonstrate in what follows that a model combining assimilative and repul-
sive influence implies that more segregation reduces opinion polarization between
groups. The model will be presented in section “Modelling the Link Between
Segregation and Opinion Polarization”, results are described in section “Results”.
Section“Discussion and Conclusion” concludes with a more general reflection on
the role of social complexity models for our understanding of social integration in a
diverse society.

Modelling the Link Between Segregation and Opinion
Polarization

First, the micro-level assumptions about social influence are introduced in section
“Microlevel Assumptions About Social Influence”. Second, the model of spatial
network segregation is described in section“Modeling the Spatial Structure: Local
Interaction and Segregation”.

Microlevel Assumptions About Social Influence

The model contains a population of N individuals i who are throughout members of
either group 0 or group 1, indicated by groupmembership gi ∈ {0, 1}. For simplicity,
I assume that both subgroups are always equally large. Every individual i adopts at
every timepoint t an opinionoit , with 0 ≤ oit ≤ 1. Following [17, 20], individuals are
connected in a static interaction network (see section“Modeling the Spatial Structure:
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Local Interaction and Segregation” for details) and can only interact with network
neighbors.

Dynamics of the model unfold in consecutive discrete time steps t . In every time
step, a pair of two different network neighbors i and j is selected at random with
equal probability. All individuals k who are not involved in an interaction at time
point t do not change their opinions, thus ok,t+1 = okt . If i and j interact, then both
can modify their current opinions to move closer towards or away from the opinion
of the interaction partner as given by Eqs. (15.1) and (15.2).

oi,t+1 = oit + �oit = oit + μwi jt (o jt − oit ) (15.1)

o j,t+1 = o jt + �o jt = o jt + μwjit (oit − o jt ) (15.2)

The parameter μ (0 < μ ≤ 0.5) in Eqs. (15.1) and (15.2) defines the rate of opinion
change and will be kept at μ = 0.5 in the present paper. The influence weights wi jt

and wjit in Eqs. (15.1) and (15.2) represent the direction and magnitude of the influ-
ence of i on j and j on i , respectively. Weights are constrained by −1 ≤ wi j ≤ 1.
A positive weight wkm entails assimilative influence (k moving her opinion closer
towardsm’s opinion), whereas a negativeweight imposes repulsive influence (k mov-
ing her opinion away fromm’s opinion). A zero weight implies no change, reflecting
indifference towards the source of influence. In this basic form, Eqs. (15.1) and (15.2)
allow interactions to push the opinion outside of the opinion interval [ 0, 1] if weights
are negative. In this case, the resulting opinion is truncated to the interval boundary
that was crossed by the opinion shift. In some models that combine assimilation and
repulsive influence, opinions are constrained with smoother functions [20, 21, 25],
but this seems to have little effect on the main model dynamics.

The link between diversity, disagreement and social influence is implemented as
follows. The influence weight wi jt expresses the similarity that i experiences at time
point t between herself and j . More precisely, the influence weight declines in the
current level of disagreement |o jt − oit |, and is reduced if i and j belong to different
groups. Equation (15.3) formalizes the computation of influence weights.

wi jt = 1 − 2
(
βO |o jt − oit | + βD|g j − gi |

)
. (15.3)

Equation (15.3) shows that influence becomes repulsive when the discrepancy
βO |o jt − oit | + βD|g j − gi | exceeds 0.5, half of the theoretical maximum of 1. The
parametersβO andβD in Eq. (15.3) scale the relative impact that respectively, opinion
disagreement and demographic differences have on discrepancy. For convenience, I
impose the constraint βO + βD = 1.

The model assumed here uses a simple linear transformation of discrepancy into
influence weights wi jt . Some studies have adopted a non-linear weight function
in an otherwise similar framework [26, 32], but did only consider disagreement
in opinions. Future work should combine a non-linear weight function with both
disagreement and intergroup differences to explore possible new implications.
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Fig. 15.1 Example for result
of desegregation algorithm
with desegregation rate
d = 0.5 (right), starting from
initially maximally
segregated ring lattice (left).
N = 20, range of interaction
= 2

(a) segregated network (b) desegregated network

Modeling the Spatial Structure: Local Interaction and
Segregation

The key condition of interest in the simulation experiments is segregation between
groups. Modeling local interaction in a simple way, I employ a ring-lattice network
in which all agents have the same number of local network neighbors to the left and
to the right, called range of interaction r . Figure15.1a shows the baseline condition
of maximal segregation between the two groups for r = 2, N = 20, and two equally
large subgroups. In both subgroups, only 4 out of 10 agents have any outgroup-
neighbor among their 4 network neighbors. Of those 4 agents, half have 2 outgroup
neighbors and the other half has only 1.

The degree of segregation is manipulated as follows.1 Starting from a maximally
segregated network (see Fig. 15.1a), a subset of Ns distinct agents from group 0 is
randomly chosen for relocation. Ns is given by the desegregation rate d, (0 ≤ d ≤
0.5), rounded to the integer nearest to d N/2. For every chosen agent of group 0,
a unique randomly selected agent from group 1 is picked. In all the selected pairs
thus formed, network positions of the group 0 agents are swapped with those of
the group 1 agents. Figure15.1b shows an example for a network generated with a
desegregation rate of d = 0.5.

To quantify segregation, a segregation measure S is computed. S indicates the
fraction of same-group neighbors among all network neighbors of an agent, averaged
over all agents and divided by the theoretically possible maximal fraction of ingroup
neighbors, given N and r . The exact value of S given d varies randomly, depending
on which pairs of agents were selected for a position swap.

The relation between desegregation rate d and average segregation S is non-linear.
The closer the desegregation rate comes to 0.5, the less impact further increase has on
the segregation level S. To account for this, the average value of S per level of d will
be used to show how segregation affects polarization in the experiments that follow,
whereas segregationwill bemanipulatedwith stepwise variation in the desegregation
rate d.

1All computations, simulations and graphics in this paper were produced with WolframMathemat-
ica©Version 11.2.
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Results

In Section“Design and Measures”, design and outcome measures of the computa-
tional experiments are described. Two experiments are conducted in both of which
segregation S is manipulated. In the first experiment it is assumed that there is no
initial group-specific disagreement in opinions. In the second experiment, a moder-
ate group-specific disagreement is introduced. Results of experiment 1 and experi-
ment 2 are described in sections “Experiment 1” and “Experiment 2”, respectively.
Section“Robustness Tests” is devoted to a brief description of some robustness tests.

Design and Measures

The following simple baseline scenario was used in both experiments. Population
size was set to N = 100 with 50 members in groups 0 and 1, respectively. The
network was a circular ring lattice with interaction range r = 5. The relative impact
of demographic dissimilarity on the influence weight wi jt was set to βD = 1/3. With
this value, polarization between groups is possible but not trivial.

In both experiments, the desegregation rate d was varied from 0 to 0.5 in steps of
0.025, over 21 different levels. This resulted in variation of the average segregation
measure S between S = 1 at d = 0 and S ≈ 0.522 at d = 0.5. Except for d ≥ 0.45
the 95% confidence intervals of mean S were non-overlapping for consecutive levels
of d in a sample of 500 independent realizations per condition. For every level of d,
500 independent realizations of the simulation model were conducted, each running
for 1000 N = 100, 000 time steps. This was more than enough for all conditions in
experiment 1 and 2 to reach stable outcomes.

It is an important question whether opinion polarization between groups can arise
even if these groups have no systematic disagreement prior to interaction. For this rea-
son, I drew in experiment 1 initial opinions randomly from the same Beta distribution
Beta(3, 3) for both groups, shown in Fig. 15.2a. This distribution has expected mean
value of 0.5 and a standard-deviation of about 0.189. For culturally salient issues it
is, however, more plausible that different groups also have different initial opinion
tendencies. To model this, initial opinions were in experiment 2 randomly drawn
from two symmetric Beta distributions Beta(3, 3.5) and Beta(3.5, 3) for groups
0 and 1, respectively, as shown in Fig. 15.2b. Mean opinions were about 0.462 for
group 0 and 0.538 for group 1. Initial opinions in both groups had the same expected
standard deviation of approximately 0.182.

The key outcome of interest in the simulation experiments was the degree of
polarization both within the population as a whole and between the two groups. To
assess between-group polarization, I measured the absolute value of the difference
between the mean opinions in both groups, Pg

t = |ot,g=1 − ot,g=0|. If this difference
is close to one, this is a clear sign of strong between-group polarization. A low
difference between the mean opinions of the groups, however, does not necessarily
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Fig. 15.2 Initial opinion distributions

show that there is no polarization at all. The population can also fall apart into
two opposed factions that both contain members of both groups. To distinguish
this form of ‘population polarization’ from between-group polarization, population
polarization P p

t at time point t is computed as the variance of all pairwise opinion
distances in the population (adapted from [20]), as given by Eq. (15.4).

P p
t = 4

N 2

i=N , j=N∑

i j

(|o jt − oit | − |okt − omt |
)2

. (15.4)

In Eq. (15.4), |okt − omt | denotes the average opinion distance across all pairs
(km) in the population. The minimum level of polarization (P = 0) obtains when
all pairwise distances are zero, corresponding to full consensus in the population.
P p obtains its maximal value of 1 if the population is split into two equally large
factions with maximal mutual disagreement and full agreement within each of the
factions.

Experiment 1

I beginwith showing the dynamics for twoprototypical runs. Figure15.3a shows a run
with maximal segregation S = 1, Fig. 15.3b displays a run with minimal segregation
S ≈ 0.522.

Figure15.3 reveals remarkable differences between the two runs. In themaximally
segregated population (Fig. 15.3a), members of both groups were quickly drawn
to almost perfect population-wide consensus on an opinion at approximately 0.5.
After 100,000 time steps, the standard deviation of opinions declined to practically
zero.2 This outcome occurred in about 90% of all runs in this condition. In the
maximally desegregated population (Fig. 15.3b), the result was strikingly different.

2Perfect consensus is only obtained in the time limit. The simulation program computed a standard
deviation of about 2.31 10−9 after 100,000 time steps for this run.
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Fig. 15.3 Change opinions in single runs without initial difference between group means (N =
100, βD = 1/3, r = 5). Dark: group 0, Light: group 1

The population was split almost perfectly into two opposing camps after 5000 time
steps. Population polarization reached in this condition a level of P p

t ≥ 0.99 in
97% of all runs at t = 100,000. Yet, the emergent camps were not perfectly divided
between groups. On average, between-group polarization was about Pg

t = 0.497 in
the final state.

The strong difference between the two scenarios can be explained as follows.With
high segregation, only fewagents hadneighborswhobelong to another group. If inter-
acting agents i and j belong to the same group, it is highly unlikely that their initial
opinion disagreement is large enough to trigger repulsive influence (wi j < 0). This
happens onlywhen their disagreement exceeds |o jt − oit | = 0.75. However, with the
initial distribution of Beta(3, 3) this was practically impossible.3 Thus, within both
groups influence was overwhelmingly assimilative, pulling all agents towards the
mean value of the initial distribution (0.5). Only those few agents who were located
on the interface between groups had outgroup-neighbors. With outgroup-neighbors,
disagreement only needed to exceed |o jt − oit | = 0.5 to trigger repulsive influence.
In a randomly chosen pair of neighbors from different groups, this happens at the
outset with a probability of about 0.056. The few events of repulsive influence that
occurred pushed agents to move away from each other towards the extremes of the
opinion space. However, in most cases they were pulled back towards less extreme
opinions in subsequent interactions with moderate ingroup members. This explains
why in this condition about 90% of all runs ended in consensus. Yet, in the remaining
approximately 10% of runs, interactions on the interface of groups became repul-
sive, driving agents on opposite sides of the boundary towards opposite extremes
in the opinion space. Consensus within groups remained high at the same time. As
a consequence, opinions of the two groups were driven apart. These runs ended in
almost perfect between-group polarization.

In a highly desegregated population outcomes were different. With S ≈ 0.522
agents had on average about 50% outgroup-neighbors. Likely, on at least some places
in the network neighboring agents disagreed enough to develop repulsive influence.
As a consequence, they increasingly shifted opinions away from each other, towards

3The probability was about 0.00155.
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Fig. 15.4 Experiment 1:
Effect of segregation on
polarization measures. Bars
indicate 0.95 CI around
mean values

opposing extremes on the opinion scale. The dynamic of increasing differentiation
between neighboring agents occurred simultaneously in different local regions of
the network, because groups were well-mixed in this condition. This explains why
population polarization reached its maximum of P p = 1.0 here. At the same time,
members of the two groups differentiated in different ways from each other in differ-
ent local regions of the network. Thus, within both groups, members moved to both
extreme ends of the opinion spectrum. Within the same group different poles were
adopted at different places in the network. This was the reason why between-group
polarization fell far below its theoretical maximum, with about Pg = 0.5 on average
in the final state.

Figure15.4 reports the results of experiment 1 for the entire range of segrega-
tion levels that were inspected. More precisely, the figure shows how the level of
segregation S affected between-group polarization Pg and population polarization
P p in the final state, averaged across 500 realizations per condition. In line with the
explanation given above, less segregation was on the whole associated with more
population polarization. Also between-group polarization is on the whole higher
in desegregated networks than in highly segregated ones. However, Fig. 15.4 also
shows a non-linear association. When segregation increased from its minimum of
S ≈ 0.522, average between-group polarization remained fairly constant up to about
S ≈ 0.8, then increased to its peak-level at S ≈ 0.85, to finally drop to a minimum
of Pg = 0.102 in maximally segregated networks.

Figure15.5 helps explaining the non-linearity identified by Fig. 15.4. Figure15.5
shows the effect of segregation on the proportion of three types of outcomes in
the final state, consensus (P p ≤ 0.01), group-split (Pg ≥ 0.99) and population-split
(P p ≥ 0.99). The share of runswith population-split andwith consensuswere largely
mirror images of each other in this experiment. The more runs generated population-
split, the less runs ended in consensus. In other words, lower segregation increasingly
drove populations into a polarized state. But this state did not need to be group-split.
In the region between about S = 0.8 and S = 0.9 population-split decreased with
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Fig. 15.5 Experiment 1:
Effect of segregation on
proportions of three outcome
types

more segregation, while group-split increased. Above S = 0.9 both lines move again
in the same direction.

The reason for the difference between group-split and population-split is the spa-
tial coherence of groups under high segregation. This can be best understood by
traversing the change of outcome proportions from right to left in Fig. 15.5, starting
from a maximally segregated population. As the figure shows, moderate amounts of
‘mixing’ induce more polarization. This is due to more between-group interactions.
But moderate mixing does not yet disrupt the spatial connectedness of groups, which
therefore can still develop internal consensus. Thus, population polarization largely
was found to be between-group polarization between S = 0.9 and S = 1. Once the
segregation level was reduced further below S = 0.9, more interactions across group
boundaries fueled more polarization, while consensus within groups was disrupted
at the same time, due to more disconnectedness within groups. This explains the
simultaneous decline of group-split and increase of population polarization when
segregation moves downward from S = 0.9 to S = 0.8. Only when segregation lev-
els further declined, even more individuals were spread across the network so that
again most had at least some members of their own group in their local network,
allowing for more within-group coordination in the process of population polariza-
tion. As a consequence, group-split and population-split moved again in the same
direction when segregation levels were lower than about S = 0.8. However, the low
levels of group-split between about S = 0.75 and S = 0.9 do not show that there was
no systematic disagreement between groups at all.With an interaction range of r = 5,
most individuals are connected with ingroup peers at all levels of segregation. Thus,
some degree of coordination remains, explaining that on average between-group dis-
agreement never fell below about 0.5, as shown by Fig. 15.4. Moreover, declining
levels of group-split between S = 0.5 and S = 0.8 did not show up in declining aver-
age between-group polarization Pg , because also the proportion of runs in consensus
declined in favor of more runs with medium-levels of between-group polarization.
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Fig. 15.6 Experiment 2:
Effect of segregation on
polarization measures. Bars
indicate 0.95 CI around
mean values

Experiment 2

Experiment 1 showed that considerable levels of between-group polarization came
about in an unsegregated population, even when there was no systematic initial
disagreement between groups. Experiment 2 tested whether the effect of segregation
remained the same when mean opinions of the two groups differed from the outset.

Figures15.6 and 15.7 report results of the ceteris-paribus replication of experi-
ment 1, the only difference being that initial opinions were randomly drawn from the
Beta-distributions shown in Fig. 15.2b. Comparison of Fig. 15.6 with the correspond-
ing result for experiment 1 shows that on average between-group polarization in the
final state was considerably higher across all levels of segregation. While in exper-
iment 2 between-group polarization declined from about Pg = 0.75 to Pg = 0.25
between the lowest and the highest level of segregation, this decline happened at a
lower level (Pg ≈ 0.5 to Pg ≈ 0.1) in experiment 1. Also population polarization
was consistently higher in experiment 2, but this difference was less pronounced.
A further noteworthy difference was that there was no longer a discernible non-
monotonous effect of segregation on between-group polarization.

Figure15.7 further confirms these differences and helps to explain them. The share
of runs ending in group-split was slightly but consistently above the levels found in
experiment 1, while the share of runs ending in consensus was slightly but consis-
tently below this level. Population-split clearly was at a considerably higher level.
The most striking qualitative difference was that group-split did no longer increase
when small amounts of mixing were added to a maximally segregated network, but
instead started to drop immediately. This illustrates the most important explanation
for the differences between the experiments. In experiment 2, initial between-group
differences were high enough to trigger mutual distancing on the interface between
groups. Thus about 25% of runs were ending in group-split in the maximally segre-
gated networks. While reducing segregation from this point fueled more population
polarization - like in experiment 1 - it also blurred the boundaries between the groups
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Fig. 15.7 Experiment 2: Effect of segregation on proportions of three outcome types

at the global level. Locally, agents from different groups were evenmore prone to end
up on opposing sides of the spectrum than in experiment 1, but this was globally less
coordinated than in the maximally segregated networks. This explains why start-
ing from a maximally segregated network, mixing groups immediately decreased
group-split in experiment 2, unlike it did in experiment 1.

Robustness Tests

The results of experiment 1 and experiment 2 rest on a number of assumptions about
the model and the specific scenario. A full exploration of the robustness of results
against meaningful variations is impossible in the space of this paper. As a start,
I conducted two main robustness tests. First, a ceteris-paribus replication of both
experiments was conducted with the range of interaction reduced from r = 5 to
r = 1. A smaller range of interaction greatly reduces the interface between groups in
highly segregated populations and inhibits the spreading of locally emergent extreme
opinions in the network. The robustness test showed that this did not change the
main qualitative effects of segregation found in experiments 1 and 2. More pre-
cisely, replicating experiment 1 with r = 1, it was found that increasing segregation
from its minimal level first slightly increased, then reduced between-group polariza-
tion, while population polarization was reducedmonotonously. Similarly, replicating
experiment 2 it was found that there was no more non-monotonicity under higher
initial between-group disagreement, but more segregation still reduced polarization
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both in the population and between groups. However, it should be noted that N1000
time steps were not enough to obtain stable outcomes in all conditions with r = 1.
This is especially not the case in highly segregated networks, where polarization that
starts on the interface between groups can take a long time to spread and pull all
group members into opposing camps in the sparse network with r = 1.

The second robustness testwas to reduce the relative impact of demographic group
differences on discrepancy in the influence process.A relatively lower value ofβD can
be expected to reduce the overall potential for polarization, because individuals from
different groups needmore disagreement to develop amutually negative relationship.
To assess this, a ceteris-paribus replication of experiments 1 and 2 was conducted,
setting βD = 1/4 (vs. βD = 1/3 in the baseline condition). As expected, both forms
of polarization declined. Most importantly, segregation still reduced polarization,
where the difference between segregated and desegregated networks was actually
larger than for βD = 1/3 across both experiments.

Discussion and Conclusion

Intuitive reasoning aswell as a number of formalmodels of opinion dynamics suggest
that cultural diversity can under certain conditions be a threat to societal consensus,
despite all its undoubted benefits. It has been argued that polarization between groups
in a diverse society may be particularly likely when the society is highly segregated,
echoing concerns raised by formerU.S. president BarackObama and results obtained
with formal models of socially complex opinion dynamics. In these models, interac-
tions between like-minded people can make them more and more convinced of their
prevailing opinion tendencies, resulting in opinions that are increasingly extreme
and different from those outside of their segregated world [13, 31, 33]. I presented
in this paper a formal model drawing on social-psychological theories of cognitive
balance that points to the opposite conclusion. Building on earlier work [17, 20, 21,
26, 29], this model combines assimilative with repulsive social influence, assuming
that mutual disagreement between interacting agents is particularly likely to become
accentuated and extreme when they interact with members of other groups that are
separated from them by socially salient boundaries.

The point of my paper is not to show that the one or the other line of modeling is
right or wrong about the link between segregation and polarization.What I would like
to demonstrate is that formal modeling of socially complex dynamics can help us to
better understand counter-intuitive and often unanticipated consequences of simple
and familiar principles of social interaction. Principles such as influence, repulsion,
persuasion, homophily or xenophobia are well known from our daily lives and from
research conducted by social scientists. However, their possible implications at the
societal level are often less well understood. An important contribution of social
complexity models is that they can focus attention of empirical researchers on testing
those assumptions in models that can be particularly critical for key social outcomes,
such as polarization between groups.
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The two lines of modeling work discussed in this chapter serve as an example in
case. The obvious contradiction between their implications hasmotivated researchers
in recent years to conduct systematic behavioral experiments. While this endeavor is
still in progress, some of this work speaks to the models presented here. For example,
while several empirical studies point to some evidence for repulsive influence in
experimental and field settings [24, 27], recent experimental research tested repulsive
influence more systematically in a controlled lab setting and found no support [10,
45]. This suggests that repulsive influence may be less easily triggered in social
interactions than most formals models assume. At the same time, experimental tests
have been conducted that lend some support to models of argument persuasion [31].
However, it would be premature to therefore entirely discard the possibility that
segregation may sometimes preclude polarization. Experimental tests hitherto could
not capture situations of strong between-group antagonism nor could they observe
groups withmutually strongly exclusive social identities, conditions that appear to be
plausible candidates for triggering repulsive influence that may drive groups apart.

Social complexity models have revealed important challenges for our scientific
understanding of polarization. In line with calls from recent reviews of the field [22,
42], I believe that for tackling these challenges, we need to move forward towards a
deeper connection of formal models with empirical insights from behavioral experi-
ments and field research in the social sciences. The potential threat from polarization
in diverse societies is an issue important enough to merit this effort.
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