Genetic Programming for Understanding Cognitive Biases that
Generate Polarization in Social Networks

First Author
Second Author

ABSTRACT

Recent studies have applied agent-based models to infer human-
interpretable explanations of individual-scale behaviors that gener-
ate macro-scale patterns in complex social systems. Genetic pro-
gramming has proven to be an ideal explainable AI tool for this
purpose, where primitives may be expressed in an interpretable
fashion and assembled into agent rules. Evolutionary model dis-
covery is a tool that combines genetic programming and random
forest feature importance analysis, to infer individual-scale, human-
interpretable explanations from agent-based models. We deploy
evolutionary model discovery to investigate the cognitive biases
behind the emergence of ideological polarization within a pop-
ulation. An agent-based model is developed to simulate a social
network, where agents are able to create or sever links with one
another, and update an internal ideological stance based on their
neighbors’ stances. Agent rules govern these actions and consti-
tute of cognitive biases. A set of 7 cognitive biases are included as
genetic program primitives in the search for rules that generate
hyper-polarization among the population of agents. We find that
heterogeneity in cognitive biases is more likely to generate polar-
ized social networks. Highly polarized social networks are likely
to emerge when individuals with confirmation bias are exposed to
those with either attentional bias or egocentric bias.
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1 INTRODUCTION

Agent-based models are useful for simulating real-world complex
phenomena due to their ability to model individual-scale inter-
actions. In recent years, there have been several efforts to use
agent-based models to infer the individual-scale behaviors that
give rise to macro-scale phenomena of interest[1, 17, 33]. Of partic-
ular importance is human-interpretability of the inferred behaviors.
Genetic programming has proved to be a ideal explainable Al tool
enabling this goal due the ability of terminals to be expressed in
human-interpretable units, which in turn is assembled into human-
interpretable individual-scale behaviors. Evolutionary model dis-
covery is a tool that combines genetic programming and random
forest feature importance analysis, to infer individual-scale human-
interpretable explanations from agent-based models[17]. In this
study, we deploy evolutionary model discovery to investigate the
cognitive biases behind the emergence of ideological polarization
within a population of agents. An agent-based model of opinion
dynamics is developed to simulate a social network, where agents
are able to create or sever links with other agents, and update an
internal ideological stance based on their exposure to their network
neighbors. Cognitive biases grounded in social-psychological the-
ory constitute the agent rules that govern the execution of these
actions. These biases, along with operators, are included in the
genetic program as terminals to search for agent rules that generate
high polarization among the population of agents.

Our findings indicate that having heterogenous rules is more
likely to produce polarized social networks. We find that polarized
social networks are likely to emerge when a species executing con-
firmation bias coexists with a species executing either egocentric
bias, attentional bias, or cognitive dissonance.

2 RELATED WORK

Agent-based models are a widely utilized tool by the computational
social science community for explaining macro-scale social phe-
nomena as a result of their individual-scale behaviours [33]. Mim-
icking real-world complex adaptive systems, agent-based models
describe the individual-scale mechanisms which drive interactions
between agents. This from the bottom up approach has the advan-
tage of capturing the amplification of behaviors that may seem
simple at the individual scale, but can generate unpredicted, macro-
scale outcomes [11]. Agent-based models are, therefore, able to
capture the path dependency of complex social phenomena by fol-
lowing the interaction pathways that individuals in the real-world
undergo [8]. A classic example is the emergence of strongly seg-
regated neighborhoods in populations that accept more than half
their neighbors to be of an opposite race [30]. Techniques such
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as parameter optimization and rule induction have been used to
extract theory interpretable findings from agent-based models [28].
Furthermore, frameworks such as Agent Zero demonstrate how the
individual-scale decision-making process can be made transparent
and constitute of theory-defined human-interpretable units [10].

In particular, genetic programming [22, 24] has proven to be a
useful explainable artificial intelligence tool to help discover human-
interpretable explanations of social phenomena in an approach
known as inverse generative social science [1, 33]. Greig and Arranz
construct a domain specific language for a genetic program in order
to evolve flocking behaviors in the Boids model and formulae for
adopting opinions in an opinion dynamics model from a large set
of basic mathematical operators and problem specific variables [16].
While this approach allows for a larger search space for possibly fit-
ter rules, it can be challenging to reinterpret the evolved rules into
behaviors that are documented in the respective domain. Vu et al,
used multi-objective grammar-based approaches [31, 32] to identify
factors behind alcohol use starting with existing normative and the-
ory based factors to generate new hybrid models that outperform
existing models in the literature. Gunaratne et al. have developed
the evolutionary model disocvery framework, which combines ge-
netic programming and random forest feature importance analysis
to quantify importance of hypothesized explainble units of behavior
towards the emergence of complex social phenomena. The frame-
work has been used to identify factors driving socio-agricultural
behavior of an ancient civilization [19, 20], factors driving residen-
tial segregation [17], and factors driving response to information
overload on social media [21].

3 METHODOLOGY

In order to investigate factors driving ideological polarization, an
agent-based, opinion dynamics model was developed, representing
a social network of individuals adjusting their stance on a topic as
influenced by their neighbors and internal biases. The agents of
this model were arranged into the nodes of a scale-free network of
200 nodes with a minimum degree of 1, generated by a preferential
attachment algorithm [2]. Each agent had a stance state, s, where s €
[-1, 1], with —1 and +1 being extreme stances and 0 being neutral.
At each simulation step, each agent, m € M, of the population, M,
decided whether to update their stance state, ms, according to a rule,
u. The agent’s rule, m,,, was defined by a collection of cognitive
biases. At each simulation step, m, would decide to randomly select
one of the biases in m, and execute the actions related to the
selected cognitive bias. These actions determined whether the agent
would create links with a new neighbor, sever connections with an
existing neighbor, or adopt a new belief state based on the belief
states of its neighbors. The agent-based model was implemented in
NetLogo 6.2.0 [35, 36].

Seven cognitive biases where hypothesized to have an effect
on ideological polarization and are summarized below along with
descriptions of their implementation.

Anchoring Bias is the tendency to side with information ini-
tially received [12]. Accordingly, this factor was implemented in
the agent-based model to make the executing agent set another,
randomly selected, neighboring agent as an anchor and executions
of this factor would cause the anchor’s stance to be reported. If the

First and Second

link with the anchor were to be severed, a new anchor would be
chosen in the same fashion.

Attentional Bias is the tendency to focus on particular stimuli
while ignoring others [5, 37]. This factor was implemented to report
the stance of the neighboring agent that had the least difference
from the stance of the executing agent.

Cognitive Dissonance is when a person experiences psycho-
logical stress when exposed to those with beliefs, ideas, or val-
ues contradictory to their own. Individuals experiencing cognitive
dissonance will do all in their power to change the situation [6].
Cognitive dissonance has been investigated previously in multi-
agent models of polarized opinion dynamics [3]. Opinion dynamics
models driven by cognitive dissonance has been shown to have
influence on network structure and result in polarized and clustered
networks with low opinion diversity [34]. Cognitive dissonance was
implemented such that agents executing this bias would select and
sever links with, out of all neighboring agents with stance value of
opposite polarity, the agent with the maximum difference in stance.
The executing agent’s own stance would then be reported.

Conformity Bias is the tendency to adopt the most popular
stance as perceived. Individuals experiencing conformity bias at-
tempt to match their own attitudes, beliefs, and behaviors to group
norms [9]. Accordingly, this bias is implemented such that the fac-
tor would report the most popular stance from those stances of the
executing agent’s neighbors.

Confirmation Bias is the tendency of individuals to specifically
search, favor, interpret, or recall information in a manner that con-
firms one’s own beliefs or values, while excluding any evidence to
the contrary [25]. This bias is implemented such that the executing
agent would search for the neighbor of their current neighbors that
has the closest stance to their own and create a link with them. The
new neighbor’s stance would then be reported.

Egocentric Bias Is the tendency to believe that one’s beliefs,
actions, or perspectives are known and accepted by others [15, 27,
29]. This bias was implemented such that the factor would report
executing agent’s own stance.

Recency Bias Is the tendency to rely more heavily on recent
observations and experiences than older ones [4, 14]. This factor
was implemented such that the executing agent would create a link
with a randomly selected agent, while severing the oldest link in
their local neighborhood. The factor would then report the new
neighbor’s stance.

In addition to NetLogo procedures for the above cognitive biases,
operators to 1) append two factors into a list (enlist), 2) select a
random factor from a list (pick_from_list), and 3) speciate rule
execution (exec_two_species and exec_homogenous), were included
in the genetic program.

The degree of polarization, ¢, was measured as the primary met-
ric of simulation fitness. Given the mean stance of the population
of agents is s, ¢ was calculated as the root mean squared deviation
of all agent stances from § as shown in eq. 1.

Zmem (S = ms)

= M

1)

Evolutionary model discovery [17, 18], an open-source python
tool for identifying factors driving macro-scale complex adaptive
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o Parameter
Primitive Return Type
Types

anchoring_bias
attentional_bias
cognitive_dissonance
conformity_bias
confirmation_bias
egocentric_bias
recency_bias

stance_value -

[stance-value,
stance_value]
stance_value

exec_two_species stance_operation

exec_homogenous
enlist stance_values
pick_from_list stance_value

stance_operation

stance_value
stance_values

Table 1: Details of the meta-return types and meta-parameter
types of the factors and operators included in the genetic
program.

system phenomena in NetLogo agent-based models, was executed
on the opinion dynamics model. Evolutionary model discovery
functions in two steps: 1) Factors hypothesized to generate the
target macro-phenomena are included in a genetic program, which
automatically programs NetLogo models with rules that are increas-
ingly representative of the target outcome; and 2) A random forest
regressor is trained on the factor presence to fitness data generated
by the genetic program and used to estimate the permutation accu-
racy importance of the hypothesized factors. Evolutionary model
discovery accepts NetLogo procedures as either factors, procedures
that have direct explanatory value and must be included in the
importance analysis, and operators, procedures that are do not help
directly explain the target outcome, but are required to construct
agent rules. Both factors and operators are included as primitives
in the genetic program. Evolutionary model discovery is able to
identify tags in the NetLogo source code comments that inform
which procedures are factors and which are operators, alongside
certain metadata, such as return types, parameter types, and polar-
ity of operators. These comment tags are also used to identify the
point in the NetLogo model where the agent rule is to be written
to by the genetic program. NetLogo procedures are not strongly
typed but evolutionary model discovery allows the user to specify
meta-types for each factor or operator that can be used to control
which procedures the genetic program can pass to into another.
Evolutionary model discovery parses the procedures and their as-
sociated metadata to generate primitives for the genetic program
as Python functions. A summary of the primitives used along with
their meta-return types and meta-parameter types are provided in
1. The genetic program then generates rules based on the provided
primitives. Each genetic program individual encodes a rule in a
tree representation of the parsed factors and operators. One-point
crossover and point mutation are used with tournament selection.
The genetic program in the evolutionary model discovery tool is
implemented using the DEAP toolkit for evolutionary algorithms
[13].

The hyperparameters of the genetic program are as follows. Point
mutation is applied at a rate of 0.05, single-point crossover is used
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Figure 1: Median and inter-quartile range of fitness of all 20
genetic program runs over 20 generations. Fitness is mea-
sured as the polarization intensity, ¢ € [0, 1]. Most runs con-
verge to a fitness 0.4 < ¢ < 0.6.

at a rate of 0.8. Parent selection is performed with tournament
selection of size 3. The population size is set to 20 individuals and
run for 20 generations. The minimum tree depth of each individual
is set to 3, and the maximum set to 20. 10 replications of the genetic
program are performed.

Evolutionary model discovery compiles and simplifies the gen-
erated rules to identify the coefficients of the factors in each of the
genetic program individuals, which is referred to the presence of the
factor. In this case, there are no negation operators, so the presence
of factors is the number of occurrences of the factor within the
simplified rule.

The second step of evolutionary model discovery is the factor
importance analysis. A random forest regressor [7] was trained on
the data produced by the genetic program to predict the fitness
of individuals in the genetic program. The input features used
by the random forest are the presence values for each factor, in
this case a total of 7 features. Evolutionary model discovery used
scikit-learn’s implementation of the CART algorithm for training a
random forest of 500 trees [23, 26]. The trained random forest was
then used for permutation accuracy importance analysis to quantify
the importance of each factor in the prediction of the fitness of the
genetic program individual it appeared in.

Finally, insights from the factor importance analysis were used
to construct a set of rules that were able to produce social networks
with a high degree of ¢.

4 RESULTS

Overall, we observe that the genetic program converges towards
rules that produce high polarization within approximately 9 gen-
erations. Fig. 1 displays the median and inter-quartile range of ¢
over all 20 genetic program runs over 20 generations. Most of the
runs achieve polarization intensities around ¢ ~ 0.5, by generation
9, after which the inter-quartile range remains at 0.4 < ¢ < 0.6.
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Figure 2: The mean (points) and standard deviations (error
bars) of polarization intensity against rule complexity.

Fig. 2 plots the ¢ of simulations against the complexity of the rule.
Rule complexity is measured as the number of unique cognitive
biases used in rules in the entire population, regardless of speciation.
It can be seen that ¢ is highest when rule complexity is moderate,
around 2. Higher rule complexity, i.e. beyond 3, generally leads to
lower ¢.

Fig. 3 compares the absolute rule length, i.e., the absolute count
of all cognitive bias primitives in each rule regardless of speciation,
against rule complexity and ¢. There is a strong positive correlation
between rule length and rule complexity, which saturates around
a rule length of 5. In other words, rules longer than 5 generally
have the same complexity and never the full set of cognitive biases.
Also, ¢ is highest for rules that are between lengths 2 and 5 for
complexities 2 and 3. The low fitness of rules longer than 5 seems to
indicate instances where bloat in the genetic program individuals
may have occurred.

Fig. 4 illustrates the selection pressure on each cognitive bias as
the genetic program progresses. Shown are the mean presence of
each congitive bias for all runs by generation, along with colors
indicating mean ¢ of the rules that contain them. It is clear that
anchoring bias, conformity bias, and recency bias are quickly se-
lected out of the population. Cognitive dissonance has a slower,
unsteady decline in selection. Attentional bias has high presence
throughout the genetic program runs, with a slight decline after
the 10th generation. In contrast, confirmation bias and egocentric
bias both have monotonically increasing mean presence, ending
with high presence at the termination of the genetic program runs.

Tab. 2 lists the top 20 rules produced by the genetic program
that produce the highest ¢. All 20 rules are of two species and one
species is always exclusively driven by confirmation bias. Most of
the second species in these rules are driven by egocentric bias while
3 are driven by attentional bias.

Fig. 5 displays the results of the permutation accuracy impor-
tance of the random forest regressor trained on the factor presence
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Rule Polarization Intensity
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.725554
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.725554
exec-two-species ([confirmation-bias], [egocentric-bias]) 0.723651
exec-two-species ([confirmation-bias], [egocentric-bias]) 0.722858
exec-two-species ([attentional-bias], [confirmation-bias]) 0.718315
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.715486
exec-two-species ([confirmation-bias], [attentional-bias]) 0.712952
exec-two-species ([confirmation-bias], [egocentric-bias]) 0.710315
exec-two-species ([confirmation-bias], [attentional-bias]) 0.707573
exec-two-species ([confirmation-bias], [egocentric-bias]) 0.701525
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.698011
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.694072
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.692685
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.690823
exec-two-species ([confirmation-bias], [egocentric-bias]) 0.690545
exec-two-species ([confirmation-bias], [egocentric-bias]) 0.690378
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.689613
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.688828
exec-two-species ([egocentric-bias], [confirmation-bias]) 0.687028
exec-two-species ([confirmation-bias], [egocentric-bias]) 0.686380

Table 2: Rules generated by the genetic program of the simulations producing the top 20 polarization intensities.
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Figure 5: Permutation accuracy importance of the 7 hypothe-
sized cognitive biases towards the prediction of fitness of the
genetic program individuals based on the presence of each
bias in an agent rule.

to fitness data. Egocentric bias is seen to be the highest contributing
factor towards prediction of the rule fitness, ¢. Attentional bias is
the second most important factor. Cognitive dissonance and confir-
mation bias show much lower permutation accuracy importance,
almost 4 times less important than egocentric bias. In comparison,
recency bias, anchoring bias, and confirmity bias have very low
importance towards the prediction of ¢, all more than 16 times less
important than egocentric bias.
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Figure 6: Comparison of marginal fitness under a single rule
for the entire population (homogenous) versus two species
of rule.

Next, we compared the marginal fitness of individuals with a
single species of rule, i.e., homogenous populations, versus those
with two species, heterogenous populations. Fig. 6 compares mar-
ginal fitness under homogenous and heterogenous populations. It
can be seen that having two species of rules greatly improves the
likelihood of generating highly polarized populations.

Using the above insights we construct 4 rules with the 4 cogni-
tive biases that showed highest importance and selection pressure.
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The rules were speciated and one species was always driven by
confirmation bias as seen the best performing rules. Fig. 7 compares
100 simulation runs of rules constructed using the above insights.

Fig. 8 illustrates two example networks produced by the rules
exec_two_species confirmation_bias], [egocentric_bias]) and
exec_two_species ([confirmation_bias], [cognitive_dissonance]). Sub-
plots a) and b) are color coded with the stance of each agent, while
subplot c) and d) are color coded with the species of rule of each
agent. Under both rules, there is a reasonable degree of ideological
polarization. It is interesting to see that the network of the rule
with the cognitive dissonance had cleaved into two disconnected
sub-graphs with opposing polarity. Subplots c) and d) demonstrate
that agents of the confirmation bias species were likely to make
up the boundary of the social network; taking highly polarized
stances when paired with egocentric biased agents and taking both
extreme and neutral stances when paired with agents exhibiting
cognitive dissonance. Despite the separation of the graph into two
sub-graphs confirmation bias paired with egocentric bias is still
more likely to produce higher ¢ overall, as all of the confirmation
biased agents take more extreme stances in this scenario, while
some take neutral stances with the latter rule. This is further il-
lustrated in Fig. 9, which plots histograms of stance under both
rules.

5 DISCUSSION

In this study we have utilized genetic programming and random
forests to investigate the 7 cognitive biases, derived from theory,
with regards to their importance toward the generation of ideologi-
cally polarized social networks. An opinion dynamics model was
implemented, where agents were arranged in a scale-free network
and allowed to interact with their neighbors. Agents were only
exposed to information from their network neighbors, and each
agent updated a local stance state, and created or severed links
to other agents based on a decision rule. This rule consisted of a
selection of mechanistic implementations of the 7 cognitive biases
and at each simulation step, each agent would select and execute
one of their biases. We utilized an open-source tool, evolutionary
model discovery, that combines genetic programming and random
forests to automatically generate and evolve toward agent rules that
generated higher polarization, and compare the relative importance
of each cognitive bias toward higher polarization. We also included
the option for the agent-based model to have either a single species
of rule or two species of rules.

Retrospective analysis of the genetic program results indicate
that having two species of rules, greatly increased the likelihood
of producing higher polarization. In particular, we observe that
the most highly polarized populations consist of two species, with
one species driven by confirmation bias and the other with either
egocentric bias, attentional bias, cognitive dissonance or a combi-
nation of these factors. Further analysis of the generated networks
leads us to conclude that individuals driven by confirmation bias
are susceptible to adopting extreme stances when exposed to atten-
tionally biased or egocentric individuals, who act as anchor points,
driving the first species toward more extreme stances. An addi-
tional observation was that a single social network may split into
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two sub-graphs if individuals driven by confirmation bias are ex-
posed to those driven by cognitive dissonance. Finally, conformity
bias, anchoring bias, and recency bias showed little to no effect on
polarization.

6 CONCLUSION

We investigated the importance of 7 cognitive biases regarding their
contribution to the emergence of ideological polarization in social
networks. We utilized evolutionary model discovery, an approach
that combines genetic programming and random forests, on a model
of opinion dynamics. Our results indicate that heterogeneous pop-
ulations are more likely to produce polarized social networks and
that populations where a species with confirmation bias coexists
with a species of egocentric bias, attentional bias, or cognitive disso-
nance was highly likely to experience a higher degree of ideological
polarization. In future work, we intend to validate the robustness
and generalizability of our findings using real-world survey data.
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Figure 7: Comparison of polarization produced under 100 runs of rules derived from above insights.
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Figure 8: Example illustrations of networks produced un-
der the rules exec_two_species confirmation_bias], [egocen-
tric_bias]) and exec_two_species ([confirmation_bias], [cogni-
tive_dissonance]) ((b) and d)). In all four figures agents are ar-
ranged horizontally according to stance with neutral agents
in the middle and agents to the left and right having increas-
ingly extreme stances approaching —1 and 1, respectively.
Subplots a) and b) are colored with the stance of each agent,
red corresponding to negative stance, yellow to neutral, and
blue to positive. Subplots c) and d) are colored according to
the rule species being simulated; in c) green depicts egocen-
tric bias and red depicts confirmation bias, while in d) green
depicts cognitive dissonance and red depicts ,confirmation
bias.
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Figure 9: Histograms of stance under the rules-
exec_two_species confirmation_bias], [egocentric_bias])
and  exec_two_species  ([confirmation_bias], [cogni-
tive_dissonance])
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