1.1

}

X

PN

diiay JAggg The Role of Argument Strength and
4 (DI

AN

Informational Biases in Polarization
and Bi-Polarization Effects

Carlo Proietti! and Davide Chiarella’

INational Research Council of Italy (CNR), Institute for Computational Linguistics “A.
Zampolli’, Area di ricerca di Genova, Torre di Francia, Via de Marini 6 - 16149 Genova, Italy
Correspondence should be addressed to carlo.proietti@ilc.cnr.it

Journal of Artificial Societies and Social Simulation 26(2) 5, 2023
Doi: 10.18564/jasss.5062 Url: http://jasss.soc.surrey.ac.uk/26/2/5.html

Received: 20-12-2022 Accepted: 09-03-2023 Published: 31-03-2023

Abstract: This simulation research explores the informational causes of polarization and bi-polarization of
opinions within groups. We define ‘polarization’ here as a uniform change of the opinion of the whole group
in the same direction, whereas ‘bi-polarization’ indicates a split of two subgroups towards opposite directions.
For our purposes, we have expanded the model of the Argument Communication Theory of Bi-polarization.
This is an argument-based multi-agent model of opinion dynamics inspired by Persuasive Argument Theory.
The original model accounts for polarization as an outcome of pure informational influence and reproduces bi-
polarization effects by postulating an additional mechanism of homophilous selection of communication part-
ners. The expanded model adds two dimensions: i.e., argument strength and more sophisticated protocols of
informational influence (argument communication and opinion update). Adding the first dimension, allows us
to investigate whether and how the presence of stronger or weaker arguments in a discussion influences polar-
ization and bi-polarization dynamics, as suggested by the original framework of Persuasive Arguments Theory.
The second feature allows us to test whether other mechanisms related to confirmation bias and epistemic vig-
ilance can act as a driving force of bi-polarization. For the first issue, our simulations showed that argument
strength has a measurable effect. For the second, our results would indicate that, in absence of homophily,
only very strong types of informational bias can lead to bi-polarization.

Keywords: Argumentation, Argument Communication Theory, Polarization, Bi-Polarization, Opinion Dynam-
ics, Epistemic Vigilance.

Introduction

In the context of social psychology, group polarization indicates the well-documented phenomenon by which
opinions of group members tend to shift in the same direction after discussion (Stoner{1961; Moscovici & Zaval-
loni(1969). This means that all individuals become more convinced of a given issue, or more inclined towards
a given decision, than they were at the outset. Figure[I{a) represents a typical instance of this type of opinion
dynamic. Here, at the beginning of the discussion (grey line), the degree of opinion of group members (rela-
tive to a specific issue) is almost normally distributed around the middle, in a scale from 0 (fully against) to 1
(fully pro), and then moves towards a pro- attitude at the end (black line). In the most current use of the word
however, ‘polarization’ is employed to refer, although not univocally (Bramson et al.[2017), to a bimodal dis-
tribution of opinions, i.e., to the formation of two cohesive clusters of people at opposite poles of a spectrum.
Group polarization, as introduced here, is something different, being rather a particular form of group consen-
sus, where all individuals align in a specific manner. Bimodal distribution is nonetheless most likely to emerge
as a by-product of two distinct dynamics of group polarization that lead the two sub-groups’ opinions in oppo-
site directions (Figureb)). Here, we follow|Mas & Flache|(2013) and refer to such dynamics as bi-polarization
effects, or simply as bi-polarization. Seen from this angle, polarization is a necessary although not a sufficient
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cause of bi-polarization. It should be noted that after fleshing out the mechanisms that generate polarization,
the reasons that determine a split towards opposite directions may still remain obscure.

(2) (b)

Number of agents
Number of agents

-

Opinion degree Opinion degree

Figure 1: Polarization (a) and bi-polarization (b).

1.2 Fromanormative perspective, one big question is whether polarization and bi-polarization can occurin a group
of rational agents, or rather if some irrational bias is a necessary ingredient for their emergence. Some recent
formal approaches to the question supposedly show that even bi-polarization may be due to purely rational
causes related to how agents update their opinion in the light of new information. We discuss two of them
later on in Section 5 (Jern et al.|2014;|Singer et al.|2019). As we shall see, they build upon different rationality
frameworks and what is more, on many additional modelling assumptions whose consequences are difficult
to assess. Here, we prefer not to provide a fully-fledged definition of rational behaviour and avoid approaching
our question along these lines. Even if we abstain from defining the precise meaning of ‘rationality’ or ‘rational
agent’, our previous considerations would suggest that, although the two phenomena are closely related, it may
well be the case that group polarization does not require controversial mechanisms to arise - e.g., strong social
or psychological biases on the agents’ side - while bi-polarization does. For these reasons, it is an interesting
task to first isolate plausible minimal causes of group polarization and then see which additional triggering fac-
tors are needed to obtain bi-polarization effects. These are typical questions a simulative approach via artificial
societies allows to address. Such additional factors may or may not fulfil a series of intuitive desiderata for ra-
tionality or for other epistemic virtues. Although we will suggest that some of them do, we do not take a strong
stand on this matter.

1.3 Agent-based models (ABM) of opinion dynamics have been widely exploited to reproduce and understand these
phenomena. Many of them come from the family of bounded confidence models (Deffuant et al.[2000; Hegsel-
mann et al.|[2002). Based on a different inspiration, we find argument-based ABMs (Mas & Flache|2013; [Ban-
isch & Olbrich|2021} Taillandier et al.[2021). In particular, the model of the Argument Communication Theory of
Bi-polarization (ACTB) by|Mas & Flache|(2013) fulfils most desiderata for a minimal explanation, since polariza-
tion occurs as a natural outcome and bi-polarization emerges by simply postulating a moderate degree of ho-
mophily, which is the tendency of individuals to communicate more with those who share similar opinions. This
modelisinspired by Persuasive Arguments Theory (PAT) (Vinokurj1971;Vinokur & Burstein|1974), which assumes
that opinion dynamics are influenced by the circulation of novel and persuasive arguments, and therefore are
determined by informational influence. The ACTB model is a powerful proof of concept of PAT and serves as a
main tool and a starting point of the present work. However, there are two relevant issues it does not allow to
explore in its present form. The first one is instantiated by the following question:

+ Question 1. Assumethat, although equalin number, arguments favouring one side are objectively stronger,
alias more persuasive, than arguments for the other side. Will this force general consensus towards the
stronger side? And if not, will this at least push more individuals towards it?

1.4 This question is motivated by the fact that many real-life debates have a substantial imbalance between par-
ties due to the bi-polarization process. One may think for example, about the recent debate over SARS-CoV-2
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vaccines, where one party, although much more vocal, ends up being a clear minority in society (Lazarus et al.
2023). While PAT assumes that persuasivenessis a relevant dimension, in the original ACTB model all arguments
have equal strength. As a result, it predicts that with an equal number of pro and con arguments, the average
consensus will be mostly in the middle of the opinion scale, whereas when instead bipolarization occurs, the
cardinality of the groups on the two sides of the opinion scale will be the same. With arguments of different
strength, we can test whether the ‘stronger’ side has an advantage. A second issue is the following:

« Question 2. Can bi-polarization occur without homophily, as an effect of purely informational biases?

As mentioned previously, homophily is the unique possible trigger of bipolarization in the ACTB model. How-
ever, a long tradition in social and cognitive psychology identifies, as the main causes of polarization and bi-
polarization, a number of informational biases somehow related to epistemic vigilance (Section 2). The protocol
of informational influence of the original ACTB model - the way agents communicate and accept arguments for
opinion update - ‘neutralizes’ the effect of such biases. In this respect, we can reproduce and operationalize
them in the model, in order to test whether and how they can work as alternative minimal explanations.

The paper is organised as follows: In Section 2, we provide some general background on studies in social and
cognitive psychology and how they inspire computational approaches. We specify general desiderata to an-
swer questions 1 and 2. In Section 3 we introduce the formal tools for our work. First, we recap the general
architecture of the ACTB simulation environment upon which we build, with focus on its informational influ-
ence phase and its measure of opinion strength. We then introduce our modifications to the ACTB environment.
Here, we provide an alternative way of structuring argument-based information by means of quantitative bipo-
lar graphs (Baroni et al.[2019) and consequently a new measure of opinion strength that generalizes the old
one. Secondly, we intervene on the informational influence phase between agents, mostly on the mechanism
of argument reception and opinion update by the receiver, so to encode different shades of information bias
happening during communication. In Section 4, we illustrate the simulative setup that is meant to answer our
two questions and show the results of our simulations. Finally, in Section 5 we discuss the general assumptions
of the model in the context of these results and, as a consequence, their importance. We do this with special
attention to the comparison with two alternative accounts of bi-polarization via informational influence. The
first one is a family of Bayesian approaches (Jern et al.|2014; Angere|2010;|Pallavicini et al.2021). While our ex-
periments show that in the absence of homophily, bi-polarization occurs only under very strong forms of bias,
Bayesian models seem to predict the opposite. The second is an argument-based model of opinion dynamics
Singer et al. (2019), very similar in spirit to the ACTB model.! Here, the authors test the bipolarizing effect of
three different opinion update policies which are, to different extents, similar to some of those we implement
to answer Question 2. Under many respects, our results converge with theirs but, as we show, this is not the
case when we introduce (even minimal) noise. This is the reason why our conclusions about the possibility of
obtaining bi-polarization effects without bias are less ‘optimistic’

Overview of the Problem and Desiderata for a Computational Model

Background in social and cognitive psychology

Explanations of how group polarization can emerge in a group fall into two big families, which can be labelled
respectively as social influence and informational influence explanations. Briefly sketched, social influence ex-
planations postulate the existence of a tendency of individuals to align their opinion with that held by other
members of their group (and even a bit more extreme). This may be the effect of triggers such as social compar-
ison (Sanders & Baron|1977) or self-categorization (Hogg et al..1990). On the other side, informational influence
explanations assume that these dynamics are caused by simply sharing information between participants and
how they communicate evidence and update their opinion, regardless of who is talking to whom. In particular,
PAT hypothesizes that, “group discussion will cause an individual to shift in a given direction to the extent that
the discussion exposes that individual to persuasive arguments favouring that direction” (Isenberg|1986). Both
explanations can account for the type of snowballing effect represented in Figure[1fa) and their assumptions
have proven, in lab experiments, to be effective in different contexts (Isenberg|1986).

From our point of view, PAT has the advantage of explaining polarization without resorting to any kind of in-
dividual bias and in the context of fully open and trusted exchange of information among agents. Indeed, in
typical lab experiments assessing how argument exchange induces polarization, every participant is equally
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likely to interact with any other and the experimental conditions (e.g., strong anonymity and trust of the inter-
action partner) guarantee by design that other factors are neutralized (Vinokur & Burstein|1974). Furthermore,
the specific process by which PAT explains (argument-induced) opinion change helps dissolving the apparent
weirdness of polarization dynamics, due to the unwarranted assumption that the opinions of any two individu-
als should come closer after they share information. Intuitively, if we take two agents with strong but different
arguments supporting a given decision v, mutual communication of such arguments will provide new reasons
in favour of v to both agents, and therefore reinforce their positive attitude towards the decision. The same
mechanism may of course work in the opposite direction.

Bi-polarization effects seem on the other hand somewhat harder to explain, within the context of PAT, without
recurring to additional biases. On the contrary, experimental evidence seems to show that open interaction in
diverse groups works against bi-polarization (Vinokur & Burnstein|1978). Usual suspects are then social influ-
ence biases, as self-categorization, that would push individuals to align their opinions with in-group members
while distancing from out-group members. This mechanism of positive and negative influence is shown to work
towards bi-polarization in bounded confidence models (Flache & Macy|2011). However, there is no clear exper-
imental evidence that negative influence is effective in real-life scenarios (Krizan & Baron|2007; Berger & Heath
2008). In this respect we should ask ask whether informational biases play any role.

The recent interest raised in cognitive sciences by the argumentative theory of reasoning (Mercier & Sperber
2011,]2017) is a further reason why the study of informational influence via argument exchange is relevant. The
latter assumes that all human reasoning is a cognitive module, which ‘evolved for the production and evalua-
tion of arguments in communication’ (Mercier & Sperber|2011} p. 58) rather than, e.g., to perform strict logical
inferences. From the point of view of this theory, many opinion dynamics, including polarization, should be
regarded as natural by-products of how arguments are exchanged and processed by individuals in the social
context of communication. Even detrimental phenomena related to polarization, such as groupthink (Janis
1983), are seen as natural side-effects, occurring when reasoning is used outside its natural context. This sug-
gests that the crux of the matter may be how arguments are communicated and evaluated by individuals, and
therefore that we also need to look into other informational biases, well-known to psychologists, as possible
candidate causes of bi-polarization.

In the field of ABM research, bounded confidence models as|Deffuant et al.[(2000) or|Hegselmann et al.|(2002)
hinge mostly within the realm of social influence. Internal factors that determine the degree of opinion of one
agent are left as a black box. The degree of agents’ opinion is adjusted either by a mechanism of averaging?,
when they meet agents with a sufficiently similar opinion (in-group members), or of distancing when they in-
stead meet agents with a dissimilar opinion (out-group members).

As already mentioned, ACTB is the first computational approach inspired by PAT. Here, the agents’ opinion is
determined as a function of their pro arguments weighted against their con arguments, and interaction consists
of an exchange of arguments and then consequent opinion update. As we have said, ACTB does not account
for the dimension of argument strength and therefore cannot address Question 1. Furthermore, it postulates
homophily to obtain bi-polarization. Here, homophily has the effect of fostering opinion divergence, by making
individuals with distant opinions less and less likely to share arguments and therefore determining the emer-
gence of separate clusters, where individuals are likely to hear arguments confirming their acquired opinion.
Arguably, if not social influence in disguise®, this can still be regarded as a bold assumption to make, since it
prevents the discussion to be fully open among individuals. Homophily is absent in many of our experiments
with the revised ACTB model. When this is the case, we can assume that we are in a pure informational scenario.
This is understood as a situation where the outcome is determined solely by (a) the way agents communicate
arguments and (b) how they revise their opinion on the basis of the new argument plus those which they already
have and nothing else.

Introducing argument strength

Concerning argument strength, the use of the notion of an argument in the context of PAT should give us pause
to think. First, arguments about some issue v are treated as generic items that may be weighted in favour or
against v. Further, even the strongest arguments are not treated as knockout reasons that could settle a given
issue (such as, e.g., logically valid arguments), but rather as defeasible reasons for it. The justification they
provide for v comes in degrees and displays a certain type of monotonic behaviour. By this we we mean that
ceteris paribus, more arguments in favour of v will determine a more positive attitude towards v and vice-versa.
All these aspects are incorporated within the ACTB model.
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As mentioned previously, unlike PAT, all arguments have equal weight in the ACTB approach vis-a-vis the de-
bated issue. The implicit assumption here is that arguments are independent from one another. This is a useful
simplification for the actual purposes of[Mas & Flache|(2013), but overlooks a fundamental aspect of argumen-
tation, i.e., that most of the times arguments bear articulated relationships on each other. For example, some
arguments are counter-arguments to others supporting any given issue (e.g., by undermining their premises),
or counter-counterarguments to them, or else supporters of counterarguments, and so on. In turn, these com-
plex relationships affect the impact of each argument on the issue at stake.

To make this more intuitive, the two graphs in Figu re represent two possible ways an agent could be aware of
two arguments supporting v (the topic node) and two arguments against v (more details in Section 3). Here, ar-
guments are represented as nodes, while directed edges labelled with 4 indicate support, while those labelled
with — indicate an attack against it. In the first graph, pro arguments a; and a5 are not attacked, while in the
second case they are (by counterargument ;). At an intuitive level, one such argument, says a1, should have
a different weight on v in different situations and therefore should affect the calculation of the strength of v in
a different way (and this will be the case for the measures we define later). The fact that argumentation has a
complex structure is not something that PAT explicitly takes into account. However, our approach accounts for
its key dimension of persuasiveness and does this in a principled manner.

(a) (b)

Y

Figure 2: Two different graphs with two arguments pro v (a1 and as) and contra v (b; and bs).

The graphs represented in Figure[2]are known in the field of formal argumentation as bipolar graphs (Cayrol
& Lagasquie-Schiex|2009). If we endow a bipolar graph with a measure of argument strength, we get a quan-
titative bipolar graph (Cayrol & Lagasquie-Schiex|[2005; Amgoud & Ben-Naim|2016; |Baroni et al.[[2019). This
provides a useful formal tool to frame the knowledge of individuals concerning v. The main idea and the first
operational task here is to use these graphs in the ACTB model to represent the argumentative knowledge base
of individuals and its transformation during an information exchange, i.e. discussion with others. In general,
when an agent receives a new argument about a given topic, this enters a complex web of other arguments that
constitute their knowledge base of v and altogether inform their opinion about it. The topology of this web of
arguments is likely to influence the weight of the received argument as well as its acceptance by the agent.

Informational biases

The second main challenge for a simulative approach to PAT is to account for other strategies of argument com-
munication and mechanisms of opinion update that may generate bi-polarization. In the original model of
ACTB, when two agents are paired for an exchange at time ¢, this occurs by speakers randomly communicat-
ing one argument they own, and by receivers automatically accepting it as its most recent piece of informa-
tion, while discarding an older argument. On the one hand, the speakers select any argument, including those
against their own opinion. On the other hand, the receivers accept the argument at face value. Arguably, this is
not how human communication runs in most situations. Usually, speakers communicate arguments they take
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as more relevant, more informative or fit to their interests more. On the other side too, information is not ac-
cepted as it is, but it is weighted against and compared to background information. Indeed, individuals seem
more prone to accept arguments that resonate with their prior beliefs, while scrutinizing more carefully infor-
mation that goes against them. This general tendency “to evaluate communicator and the content of their mes-
sages in order to filter communicated information” (Mercier & Sperber|2011, p. 5) is also known as epistemic
vigilance (Sperber et al|2010). According to Mercier & Sperber|(2011), epistemic vigilance lies behind many
informational biases, well-known from psychology of reasoning, such as confirmation or myside bias (Wason
1960;|Baron|2000), motivated reasoning (Molden & Higgins|2012) and many others. Thus described, the precise
mechanisms by which epistemic vigilance operates are underspecified and compatible with not just one but
many slightly different protocols of argument communication and update. Some such protocols take into ac-
count the arguments’ relative strength. One operational task of this work is to implement a series of different
modifications in the communication/update protocol of the ACTB model to test their effect on polarization and
bi-polarization.

Model and Formal Tools

To answer our questions on a simulative basis, we built upon the multi-agent model of ACTB. The model we
used is the same, except for the expansions, mentioned in the introduction, that we illustrate in detail after
presenting its general architecture from a bird-eye’s perspective. The reader can refer to|Mas & Flache|(2013)
for a complete introduction to the original model. Our code is available at https://www.comses.net/codeb
ase-release/eabf9ade-321a-4c39-abe2-18ba7657ed82/|.

General architecture

The multi-agent model of ACTB consists of a society of n agents. It is assumed that there is a finite number N
of potential arguments concerning any given issue v, and they are divided into two sets of respectively, Pro(v)
and Con(v) arguments. The set of all these arguments constitutes what we call the global knowledge base G,
corresponding to the total information potentially available about v. At each time step ¢, each agent i owns a
limited number of relevant arguments, a subset .S; ; of G, ordered by their recentness. Such a set constitutes
the individual knowledge base of i at time ¢ and is updated by adding some new argument a each time the
agent receives it from someone else in the interaction phase (see below). The size of i’s individual knowledge
base is kept constant by discarding an argument each time the agent receives a new one. Thus, agents have
limited memory and lack perfect recall.* Each agent i is attributed an opinion o; ;, expressed as a numerical
value ranging from 0 (totally against) to 1 (totally favourable), about the given issue v at each time point ¢. This
opinion is fully determined as a function of the weights of the Pro(v) and Con(v) arguments in its individual
knowledge base (see Section 3.2). As mentioned, the opinion of each agent evolves as the result of a sequence of
interactions in a simulation run, corresponding to information exchanges between two agents. More precisely,
at each time step in a run:

+ 1) One agent i (the receiver) is randomly selected and then a communication partner j (the sender) is
picked with a probability proportional to the similarity of its opinion with that of 7 at time ¢, noted as
sim; ;¢ Similarity ranges in the interval from 0 (mostly dissimilar) to 1 (mostly similar). More precisely,
the probability p; ; of agent i selecting j is calculated as

- (simije)"
it = -
’ Z?:l,j;éi(szmi;j7t)h

where h is a parameter that can take values from 0 to 9 and implements homophilous selection of the
interaction partner by i. With h = 0, the probability of choosing any given interaction partner j is "il
independent of the similarity between i and j, i.e., it is completely random. On the other hand, with
higher values of h the probability of selecting j grows in proportion to the similarity of opinion between

iand j.

(1)

« Aninformational influence phase occurs, where i (the receiver) updates their opinion as a result of j (the
sender) sharing one of their relevant arguments, i.e., those in S; ;. In the original model, the sender j
communicates one argument a at random and then the receiver ¢ updates their own knowledge base
to S; ++1 by adding a as the most recent argument and discarding the oldest one in S; ;. Then, agent ¢
updates their opinion o; 111 as a function of the arguments in its updated knowledge base.
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There are two equilibria in this model: perfect consensus and maximal bi-polarization. In perfect consensus
all agents have the same individual knowledge base and therefore hold the same opinion. Perfect consensus
includes (maximal) group polarization as one of its instances, i.e., those extreme cases where all agents end up
with opinion 0 or all with opinion 1.> In maximal bi-polarization, there are two maximally distinct subgroups,
where agents own the same Pro(v) (resp. Con(v) arguments) and have opinion 1 (resp. 0). Both equilibria are
stable situations, in the sense that no further opinion shifts are possible.

Knowledge bases as quantitative bipolar graphs. Generalizing the measure of opinion
strength

In the original model of ACTB, both the global and the individual knowledge bases are represented as simple
sets. In more detail, the global knowledge base about v is a finite set G of arguments, partitioned in two subsets:
Pro(v), the set of arguments in favour of v, and Con(v), the set of arguments against v. Each argument a is
assigned a weight we(a), whose value in the original model is 1. The opinion of agent i at time ¢ is provided by
the following equation:

Eae(SiytﬂPv‘o('n)) we(a)_zae(si,tﬁCOn(v)) we(a)

1+ [Si, ¢
2

Oit = (2)
where, again, S, ; is a subset of G representing the individual knowledge base of agent i at time t and |.S; 4| is
its cardinality. Here o, ; ranges over the interval [0, 1].°

In order to generalize this approach as specified in Section 2, we borrowed some notions from formal argu-
mentation. Knowledge bases, as just described, can be regarded as an equivalent of star-tree graphs such as
that depicted in Figure 2(a). Here, nodes representing arguments are directly connected to the topic node v via
two distinct types of arcs, namely positive arcs (labelled by +) indicating support and negative arcs (labelled
by —) indicating an attack. In this case, o; ;+ can be regarded as a measure of the strength of the topic node v.
This type of graph is a specific instance of a more general type of structure: a bipolar graph. A bipolar graph
isatriple A = (A, R~, R™) consisting of a finite set A of arguments, a binary (attack) relation R~ on A, and
a binary (support) relation R+ on A. As suggested in Section 2, general bipolar graphs provide a finer-grained
representation of the possible interplays between arguments and therefore, of an argument-based knowledge
base.

In our approach, the global knowledge base G = (G, R, RE> is a bipolar graph where G is, as before, the
set of all available arguments including a special node v (the topic node); R (resp. RE) are attacks (resp.
supports), and v has only incoming arcs. The agents’ individual knowledge bases are (proper) induced sub-
graphs of G. More precisely, an agent’s i individual knowledge base at time ¢ is S; ¢ = (S, ¢, Rg. ., Rgi . ), where
S+ € G always contains the topic node v together with the arguments that are relevant for i at¢; and where
Rg,, = Rgn (SitxSit)and R;i .= RE N (S;,¢ X S; ¢) are the restrictions of the support and attack relations
of the global knowledge base to the arguments of S; ;.

Here, given a bipolar graph A = (4, R~, R*), we define, for any node a, Cona (a) := {b € A| R (b,a)}, that
is the set of direct attackers of a, whereas Proa (a) := {b € A | R*(b,a)} is the set of its direct supporters.
In an arbitrary bipolar graph, not only direct attackers and supporters have influence on a, but also ancestor
nodes affect it via directed paths. Let R* be either R~ or RT. We denote by Nega (a) the set of all arguments
b such that there is path bR*agR* ... R*a, R*a (withm > 1) in the graph A that contains an odd number of
R~ . Letrather Posa (a) be the set of arguments b such that there is a similar path with an even number of R~.
Here, Nega (a) is the set of arguments with a negative influence on a relative to A, while Posa (a) is the set of
those with positive influence. Here, it will be useful to specify with a subscript the graph we are considering.
We will omit it when this is clear from the context.

Our goal is now to define a measure of argument strength that is consistent with Equation 2, so to identify the
degree of opinion derived from a bipolar graph with the strength of its topic node. It is possible to achieve this
clearly in the case of acyclic bipolar graphs - i.e., graphs where, for any two distinct nodes a and b, there is not
a directed path from a to b and from b to a - while it is more problematic in the general case.® Here, a sound
measure for of acyclic bipolar graphs will be enough.®

As a first step, we need to enrich bipolar graphs with a total function wa : A — [0, 1] assigning a numerical
value to each argument. In this way, we obtain a quantitative bipolar graph (Baroni et al.2019). Intuitively,
wa (a) reflects the base score, or the strength of an argument a inisolation, i.e., without considering its attacks
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or supports. Here, we assume that for any i, t and a, ws, , (@) = wg(a). This means that at all agents, always
agree upon the base score of any particular argument.

In the general context of gradual argumentation, proper argument strength is a function of (possibly) the ar-
gument’s base score wg (a) and of the strength of all other arguments affecting a (Cayrol & Lagasquie-Schiex
2005; Baroni et al.|[2019). Based on these points, we can use Equation 2 to define by cases, a measurement of
argument strength sg; ., relative to the individual knowledge base of agent i at time ¢, as follows:

ws, , (a) if (Posg(a) U Negg(a))NS; s =0
S8 ¢ (a) = 1 Zbes; tnPosq(a) °8; 4 () ~Tbes; ;nNegq (a) 5S4 (P) (3)
’ + |quytﬁposG(a)2\+\Si,tﬁNEgG(a)\ otherwise

Here, the strength of nodes with no ancestors is equal to their base score, while that of other nodes is calcu-
lated as a balance of the strength of the ancestors with positive influence contained in S; ; against that of the
ancestors with negative influence. Consequently, we define our new measure of opinion strength o , as follows:

04 = 881, (V) (4)

Notice that here ancestrality is relative to the global knowledge base, asindicated by the subscripts G of Posg (a)
and Negg(a). Thus, each argument in an individual knowledge base is attributed a polarity, even when it is
not connected to the topic node relative to this graph, and its weight is taken into account for calculating the
agent’s opinion.’® We obtain the measure sqg, of the strength relative to the global knowledge base, by uni-
formly replacing every occurrence of S; ¢ by G in Equation 3. Intuitively, s (v) corresponds to the opinion that
an omniscient agent would have about the topic of discussion.

The measurements sg, , and s are well-defined for finite acyclic graphs, since they allow us to calculate the
strength of each node starting from the initial ones. As a result they provide a measurement of argument
strength for a large family of bipolar graphs, such as those displayed in Figure 2 and 3. Moreover, when we
assume for any initial node b, that wg(b) = 1 (i.e. that b has maximal weight), then it is clear that for any
star-tree graph, we have o} , = 0, ; and therefore o} , can be regarded as a generalization of the ACTB measure
of opinion strength. We should notice however, that ss; . IS just one among many possible ways to obtain a
measurement consistent with o; +, and therefore there is room for alternative definitions. We refer the reader
to (Proietti & Chiarellaj2021) for a more detailed discussion of this point.!!

Communication and update mechanisms

Inthe standard model informational influence at a given time ¢ unfolds in this sequence: the speaker j randomly
selects one argument from his knowledge base S; ; the receiver i automatically accepts it and incorporates it
in its individual knowledge base S; ¢ 1 as its most recent piece of information; the receiver then discards the
oldest argumentin S; ;. As mentioned, this mechanism encodes a situation of fully open, trusted (and casual)
exchange with no filter on both sides. However, robust evidence from studies in the psychology of reason-
ing tells that individuals are unwittingly selective towards information: they easily accept pieces of evidence
that confirm their acquired opinion, whereas they discard evidence to the contrary. This tendency, generically
named as confirmation or myside bias, manifests itself under many different forms (see|Nickerson|1998 for a
review), such as e.g. recalling more easily reasons supporting one’s side (Perkins et al.|1983) or overweighting
positive confirmatory evidence (Pyszczynski & Greenberg|1987). This often combines with a primacy effect fa-
voring early acquired opinions (Lingle & Ostrom|1981). Even scientific debates - a standard paradigm of rational
interaction - are notimmune to it, and in general there seems to be no correlation between low cognitive skills
and being subject to confirmation bias (Toplak & Stanovich|2003). As mentioned earlier, this generic description
is compatible in our framework with many protocols of (a) selection, by the speaker, of arguments to communi-
cate and (b) modalities by which the receiver updates its individual knowledge base. Our task is then to define
and implement some such protocols and try them in different combinations (and different probabilities) to test
their polarizing effect (see Section 4). Here we list them and briefly discuss the rationale behind them.

« Preferential communication of arguments favoring one’s prior opinion (PCO): at time t the sender j chooses
some argument that is in line with his current opinion, i.e. a Pos(v) argument if o7, > 0.5, a Neg(v)
argumentif o} ; < 0.5, and randomly otherwise.

This is quite a radical attitude, presupposing a fully partisan communication of information, and therefore not
in line with the ideal of a fully open discussion. However, in our environment it is possible to vary the probability
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P by which this, and any of the communication/update policies that follow, is implemented at each time step.
That is, setting P(PCO) = z, with0 < z < 1, means that at each time step ¢ the speaker j uses PCO
with probability x, and the standard communication protocol (selecting one random argument from S; ¢) with
probability 1 — z. Thus, the strength of this bias is proportional to z. One should further note that the direction
of this bias is not immutable, but is rather a function of the opinion of the speaker at each time step.

« Preferential communication of stronger arguments (PCS): at time ¢ the sender j chooses some random
argument from those that are stronger, according to function ss; , in their individual knowledge base.

In this case, arguments are selected based only on their relative strength and not depending on one’s prior
opinion. Therefore, this type of biased communication may arguably look as more ‘rational’ or at least more
‘honest’ than PCO, since the agent favours arguments that are, to the best of their knowledge, the most rele-
vant. For what concerns alternative modalities of argument update, the first is the natural counterpart of PCO,
namely:

« Preferential update with arguments favouring one’s prior opinion (PUO): after receiving an argument from
the sender at time ¢, the receiver i rejects it if it is not in line with his current opinion, i.e., rejects a Pos(v)
argumentif o}, < 0.5,a Neg(v) argumentif o}, > 0.5, and accepts it otherwise. (See Algorithm.

Algorithm 1 PUO

1: procedure PUO(3, )
2: argument @’ <~ RANDOM_ARG(j.args)

3 if Ranpom(0, 1) < branch_update then
4 if i.opinion = 0.5 then
5 if a’ini.args then
6: Remove a’from i.args
7 Add a’toi.args
8 else
9: REMOVE_OLDEST(7, a’)
10: else
11: if AGREE(4, a’) then
12: if a’in i.args then
13: Remove a’from i.args
14: Add a’toi.args
15: else
16: REMOVE_OLDEST(%, a’)
17: else
18: return
19: else
20: NORMALCOMMUNICATION(Z, )
21:

22: procedure REMOVE_OLDEST(agent, new_arg)
23: Pop agent.args
24: Append new_arg to agent.args

As for PCO, this is a very oriented updating policy, which may easily be labelled a form of dogmatism (Kelly
2008), or worse as irrational. Despite this label, regarding PUO as a tendency rather than a deterministic atti-
tude, it is natural to interpret it, from a more neutral standpoint, just as a simple way to operationalize some
form of myside bias contributing to epistemic vigilance. Again, we achieve this by making the strength of such
bias vary with the value of the parameter P(PUO). Alternatively, the counterpart of PC'S is the following:

« Preferential discarding of weaker arguments (PUW): at time ¢, the receiver i discards the oldest argument
among those that are weaker, according to function sg; ,, in their individual knowledge base. (See Algo-

rithm[2)
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Algorithm 2 PUW

1: procedure PUW(i, j)
2: argument @’ <~ RANDOM_ARG(j.args)

3 if Ranbom(0, 1) < branch_update then
4 if i.opinion = 0.5 then
5 if a’ini.args then
6: Remove a’from i.args
T Add a’toi.args
8 else
9: REMOVE_OLDEST(Z, a’)
10: else
11: if a’in i.args then
12: Remove a’from i.args
13: Add a’toi.args
14: else
15: REMOVE_WEAKEST (%, a’)

In analogy with PC'S, here arguments are rejected on the basis of how weak they are as far as the agent can
judge.

Although for different reasons, both PUO and PUW presuppose only discarding some arguments. However,
experimental evidence shows that very often, information is not simply either accepted or obliterated. Peo-
ple tend to rationalize their opinion or choices by backing up articulated justificatory reasons (Nisbett & Wilson
1977). If duly deceived, they do so even for choices they did not actually make and opinions they do not actually
hold (Hall et al.2012). Such a tendency suggests the possibility of a more proactive way to update one’s opinion,
one allowing individuals to find new reasons, in our case arguments, when they meet information against their
own opinion. Indirect evidence is provided also by the so-called backfire effect (Nyhan & Reifler[2010). When
confronted with strong evidence disconfirming some false belief, individuals end up holding such a belief more
strongly, by bringing the evidence into doubt. Again, contrary to well-established prejudices, this ‘creative’ ten-
dency is by no means a sign of psychological distress, nor is typical of specific socio-cultural environments, but
affects more or less everybody, including beautiful minds and Nobel laureates (Mercier & Sperber{2017, Chapter
14) and (Brotherton|2015, Chapter 11). These considerations suggest the possibility of a more articulated pro-
cess of information update. One simple way of implementing this, with no strong claim of empirical adequacy,
is the following:

« Vigilant update with n new arguments (VUn): when receiving an argument a that is not in line with his opin-
ion o; 4, receivers i incorporates a in their individual knowledge base, together with n other arguments
favouring their opinion (possibly attackers of a, if any) and then discards n + 1 oldest arguments. (See

Algorithm[3|for VU 1)
Algorithm 3 VU1
1. procedure VU1(3, j)
2: argument @’ <~ RANDOM_ARG(j.args)
3 if AGREE(i,a’) then
4: if a’in i.args then
5: Remove a’from i.args
6: Add a’toi.args
T else
8: REMOVE_OLDEST(%, a’)
9: else
10: Choose a random argument in line of i.opinion to rebut a’

Here, the agent simply counterbalances dissonant information with arguments that favour their opinion, and
the parameter n indicates how strongly. In our implementation, these n arguments are added as more recent
than the argument received, thus making the confirmation bias arguably more strong. Here there are two op-
tions concerning where to select these n arguments. The agent can either, ‘fish’ them from the full repository of
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the global knowledge base G, or else from the more limited one of arguments that are still circulating. The first
case is more akin to what we intuitively understand as a process of finding information by individual inquiry,
while the second corresponds more to asking someone else for confirmation. In our setup we let the agent
pick arguments from the whole G, therefore simulating individual inquiry. As a consequence, simulations take
more time but provide the agents with more resources to resist consensus. Note that VUn, thus conceived,
can be implemented in sequential combination with PUO and PUW,, i.e., the receiver first integrates n + 1
new arguments and then selects which ones to keep as dictated by PUO or PUW. This is yet another type of
informational bias to be studied on a simulative basis, as we do in the next section.

Experimental Setup and Results

For our experiments, we set up a society of n = 20 agents with different initial configurations of the global
knowledge base G - shown in Figure 3(a)-(c) - all with 41 of nodes, including the topic node v and 40 nodes
representing arguments linked to it. Importantly, all configurations have the same number of pro and con argu-
ments, i.e., Posg (v) = Negg(v) = 20. Relative to the number of agents and positive and negative arguments,
the parameters are the same as in|Mas & Flache|(2013). However, configurations of G have different topologies,
so that the strength s (v) of the topic node relative to the global knowledge base may vary from one case to
another. The cardinality |.S; ¢/, i.e., the number of arguments relevant for the opinion of agent i at ¢, is also set
as a parameter at the beginning of each simulation run, with values |S; ;| = 4,6 or 8. Given |S; ;| - and as-
suming, as we do here, that each argument belongs to either Posg (v) or Negg (v) but not both - there are
|Si.¢+| + 1 possible distributions of relevant pro and con arguments for each agent. For all runs, we randomly at-
tributed one such configuration to each agent, and then assigned them a number of arguments from Posg (v)
and Negg (v) that fits the configuration. For each of our tests we performed a number of runs sufficient to es-
tablish our estimates within a sufficiently small 95% confidence interval (in most cases 500 runs, but sometimes
less).

(a) (b)
21 22 30 31 39 40 21 22 40
1 2 10 11 19 20 1 2 20
g i
v v
(©
21 22 30 31 39 40
1 2 10 11 19 20
+ T~ +

Figure 3: Three different configurations of the global knowledge base, allwith Pos(v) = Neg(v) = 20. sg(v) =
0.5 for (a) and (c) and = 0.75 for (b).

As mentioned in Section 3, there are two possible equilibria, i.e., perfect consensus and maximal bipolarization.
For the sake of minimizing time, the halt condition of our system was triggered as soon as either (a) the number
of arguments circulating was less than 2 x |.S; 4|, or (b) at a given time ¢, for each agent i, 0y , = O or o}, = 1.
Otherwise, the run stopped after 6m steps. In the original model and with 2 > 1, conditions (a) and (b) entail
that one of the two equilibria is bound to occur, i.e., perfect consensus in case (a) or maximal bipolarization
in case (b). This is not exactly the case when h = 0, as for many of our setups, or when vigilant update is
implemented (Section 3.16).12 However, we checked that these halt conditions were sufficient to guarantee
that the outcome of each run was stable in the limit, and this was accurate enough for our purpose.
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Answering Question 1: The role of argument strength

Our first task (Question 1 of Section 1) was to investigate whether stronger reasons for a positive (resp. nega-
tive) attitude towards v could influence bi-polarization dynamics, e.g., by inducing more general consensus for
(resp. against) v or, in case of a group split, by determining larger clusters of agents with a favourable (resp.
negative) attitude. For this purpose, we confronted the configurations 1 and 2 of the global knowledge base
(Figure a) and b)). Configuration 1 is a star tree, which in fact reduces to the configuration of the original
ACTB environment, and therefore should give similar results. In Configuration 2 we still have an equal number
of Posg(v) and Negg(v) arguments, but with 20 direct attackers and 20 defenders of v (each one attacking
one attacker). According to our measure, the second configuration provides more support for v. Indeed, the
strength sg (v) is 0.5 for Configuration 1 while it is 0.75 for Configuration 2.

As a preliminary step we checked that with Configuration 1, our environment behaved as the original ACTB
model. We therefore ran a first batch of two simulations by setting the homophily to » = 0 and the agents
memory to |S; ;| = 4 and = 6 and checked that no bi-polarization effects emerged out of 500 simulations,
while the average global opinion after reaching consensus was around 0.5 (i.e. including 0.5 within a small 95%
confidence interval). We then ran three simulations with » = 9 and the memory of the agents with values
of |S; ] = 4, = 6 and = 8. Here, as in|Mas & Flache|(2013) bi-polarization effects emerge quite frequently.
However, we noticed that the agent’s memory had a strong impact on the bi-polarization rate - it was inversely
correlated with it - since the rate of bipolarizations drops from 97% with |.S; ;| = 4 to 80% with |.S; ;| = 6 and
even more to 44% with |S; ;| = 8. Consistently with this, bi-polarization obtained more rapidly when agents
have less memory, taking an average of ~700 time steps with |.S; ;| = 4, ~2500 time steps with |S; ;| = 6, and
~32000 time steps with |S; ;| = 8. The intuitive explanation for this, as is suggested by the analytics of single
runs, is that agents with less memory are more easily tilted towards the external sides of the opinion spectrum.
When this happens, they are less likely to communicate with agents with an intermediate or opposite opinion.
Indeed, with |S; ;| = 4 only 5 different degrees of opinion are possible in Configuration 1, by simple combi-
natorics, and each of them is significantly distant from its closest ones (0.25). By consequence, homophilous
communication takes over and arguments for the other side are more easily “forgotten” during interaction. This
is less likely to happen with |S; ;| = 8, where 9 different degrees of opinion are represented, with intervals of
0.125, to the effect that the power of homophily is significantly milder. As expected, when bipolarization occurs,
groups have equal sizes. E.g., the estimated average number of pro-oriented agents for |.S; ;| = 4is 9.73 over
20, but with a confidence interval of 95% of diameter ¢ = 0.41, which includes 10. The situation is analogous
for[S; | = 6and |S; ;| = 8 (see Figure[4).

Cardinality of pro-oriented
C2,5=8
C2,5=6
C2,5=4
C1,5=8
C1, 5=6

C1,5=4

e e e e e R e

o
(3,
=
[=

15 20

Figure 4: Average cardinality of pro-oriented agents after bi-polarization in Configuration 1 (below) and Config-
uration 2 (above) with |.S; ;| = 4, = 6 and = 8.

JASSS, 26(2) 5, 2023 http://jasss.soc.surrey.ac.uk/26/2/5.html Doi: 10.18564/jasss.5062



4.5

4.6

4.7

4.8

To answer Question 1, we compared these results with those provided by setting G as in Configuration 2 under
the same initial conditions, with » = 9 and the same values of |S; ;| = 4, = 6 and = 8 (3 tests). Here, we
obtained rates of bi-polarization outcomes of respectively, 95% for |S; ;| = 4, 73% for |S; ;| = 6 and 31% for
|Si.+| = 8. Therespective average time steps by which such scenarios end in bipolarization were the same order
of magnitude of their counterparts in Configuration 1. Compared to Configuration 1, these percentages seem
to witness an increasing tendency towards consensus as the memory of the agents grows. An explanation of
this fact is that in Configuration 2 combinatorics allow more intermediate degrees of opinion for agents. For
example, an agent owning 7 pro and 1 con argument, but where the latter is attacked by a pro, will have an
opinion of 0.9375, which is not possible in Configuration 1. As noticed above, the consequence is that homophily
had a diminished effect.

Despite the value of sg(v) = 0.75, the average opinion when consensus occurs was around 0.5, slightly but
not meaningfully above. However, the clearest difference w.r.t. from the previous scenario was that in cases
of bi-polarization, the average size of the group of pro-oriented agents increased appreciably. Indeed, it rose
from 10.28 for |S; ;| = 4 to 10.68 for |S;,] = 6 and 11.56 for |S; ;| = 8. All these values were above the
mean statistically significantly (see Figure .13 Therefore, we can conclude, with a reasonably high degree of
confidence, that a stronger sg (v) influences opinion dynamics in a relevant way and that our first question can,
at least for its second part, be answered positively. Again, an explanation for this is provided by combinatorial
considerations. In Configuration 2 the possible degrees of opinion were not symmetrically distributed and were
more densely situated towards the positive side of the opinion spectrum. Following the previous example, one
agent may well have an opinion of degree 0.9375 but not the symmetric one of 0.0625. This seems to be the
reason why the positive side works as a stronger attractor in Configuration 2.

Answering Question 2: The role of informational biases

The second issue we aim to explore (Question 2) was whether bi-polarization could occur, or at least be fostered,
as the effect of biases related to epistemic vigilance as those in Section 3. To test this, we brought homophily
downto h = 0 or h = 1 for most of the simulation batches of this section - realising that under the conditions
of the standard model of ACTB no bipolarization occurs when i < 3 (Mas & Flache|2013, p. 8).

As an initial step, we tested whether arguably reasonable biases of communication and update such as PC'S
and PUW (Section 3.3) have any impact. Here, we used Configuration 3 (Figure[3]c)) as the initial setup of G,
since in Configuration 1, these processes are indistinguishable from the standard protocol of communication
and update we had employed this far. With Configuration 3 we could assess the impact of PC'S and PUW
while still having sg(v) = 0.5, and therefore perfect equilibrium between Posg (v) and Negg (v). Here, we
ran our simulations with just |S; ;| = 8, as this was the only scenario where the interaction between arguments
and their attackers could play a sensible role.}* Preliminarily, we understood that Configuration 3 behaved
comparably to Configuration 2 under the policies of communication and update of the original model.'> By
implementing PC'S and PUW together with no homophily, still no bi-polarization occurs as under standard
conditions. Instead, with i = 9, the rate of bi-polarizations increased significantly (49%) and the average time
to reach it dropped (~32000 time steps). As a consequence, the combination of PC'S and PUW can be hardly
regarded as a sufficient cause of bi-polarization, but nonetheless works as a substantial incentive for it in the
presence of homophily (Figure[5). In a nutshell, this is due to the fact that when agents are on one side of
the opinion spectrum, they are more likely to receive strong arguments favouring that side and, subsequently,
such arguments are more likely to attack their weaker arguments against, further boosting their opinion shift
towards the favoured pole.
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Figure 5: The pie charts represent the bipolarization rate (blue area) with |S; ;| = 8 and h = 9 of (a) Config-
uration 2 under standard conditions of the informational influence phase; (b) Configuration 3 under standard
conditions of the informational influence phase; (c) Configuration 3 with PC'S and PUW . Cases of perfect con-
sensus are in orange, while the grey areas cover the runs exceeding time limits, which are nonetheless almost
certain cases of perfect consensus. The column chart (d) shows the respective time steps (average of 500 runs)
required to obtain bi-polarization.

As a second step, we tested the effect of the more radical biases PCO and PUO, which consisted in commu-
nicating and updating in line with one’s current opinion (Section 3.12, 3.14). For this batch of simulations, we
used Configuration 1 again. As expected, by simply setting full bias in updating (P(PUO) = 1), the society
always bi-polarized under any initial conditions'® and no matter what the level of homophily is, even with no
bias in communication (P(PCO) = 0).” When we also added full bias in communication (P(PCO) = 1),
the process of bipolarization speeded up significantly.’® Quite surprisingly, however, the bi-polarization ef-
fects almost vanished as soon as we brought the probability of PUO and PCO slightly down. Indeed, with
P(PUO) = P(PCO) = 0.9, no homophily and high individual memory (|.S; ;| = 8) bi-polarization occurred
only two times over 500 runs and with groups of radically different sizes (e.g., 19 pro against 1 con), while it
disappeared with lower levels of probability for PUO and PCO (Figure[g] yellow). With a moderate degree of
homophily (h = 1) bi-polarizations were instead still dominant (494 over 500), but almost disappeared as soon
as P(PUO) = P(PCO) = 0.7 (Figure@ red).!%. The most plausible explanation for this behaviour is that
an even small probability of accepting (and communicating) arguments to the contrary enables agents to shift
from one side to the other when sufficiently close to the middle. And, as soon as one group becomes dominant
in number, it works as an attractor, bringing the agents of the other group one by one on its side. Figure[7]shows
this dynamic at work in a specific run.
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4.10 Thingsareonlyslightly different with no homophily and low individual memory (|S; ;| = 4), where bi-polarization
occurred 12% of the time with P(PUO) = P(PCO) = 0.9, here too with groups of very different cardinality,
e.g.,19to 1 or18to 2, and disappeared as soon as P(PUO) = P(PCO) = 0.6 (Figure@ grey).2 Withh = 1
however, bi-polarizations stop at P(PUO) = P(PCO) = 0.3 (Figure[6] blue). Such an increased resilience
to consensus for agents with low memory was again due to the presence of bigger jumps among opinion de-
grees (see Section 4.4). Furthermore, It is fundamental to note that even with moderate levels of P(PUO)
and P(PCO) (=0.3), consensus was almost inevitably established towards the opposite ends of the opinion
spectrum, as illustrated by Figure21 Thus, in the absence of homophily, dogmatic attitudes such as commu-
nicating and accepting only arguments that fit one’s own opinion may count as a strong driver of polarization,
but hardly as a cause of group split. In other words, if PUO and PCO are regarded as an adequate reproduc-
tion of the workings of the myside bias, then such bias needs to be very strong for it to induce bi-polarization
effects.
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Figure 6: The diagrams show the bi-polarization rates under Configuration 1 of different degrees of P(PUO) =
P(PCO,), ranging from 0.3 to 0.9, for |.S; ;| = 4and h = 1 (blue); |S; ;| = 8and h = 1 (red); |S;:| = 4 and
h =0(grey);and |S; ;| = 8and h = 0 (yellow).

As a third variation, we tested whether vigilant update (Section 3.3), an alternative way of operationalizing a
form of myside bias, has different bipolarizing effects. We should remember that, under VUn, the agent re-
ceiving a new argument checks if the latter aligns with his opinion and, if so, adds it to his individual knowledge
base in the standard way. Otherwise, the agent adds n more arguments supporting his opinion to contrast it.
For all these simulations we assumed P(VUn) = 1. Under Configuration 1, we performed four tests with VU1,
h =0o0r=1,|5;:| = 40or= 8, and no bi-polarization occured. Indeed, we obtained bi-polarizations (in all
runs) only with VU2, |S; ;| = 4and h = 1. Considering that, when |S, ;| = 4, vigilant update with two argu-
ments always provides half of the size of one agent’s knowledge base to counter adversary information, these
tests show that only an extreme form of vigilant update can generate bipolarization by this mechanism alone.
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As for PCO and PUO, all runs end nevertheless in polarization, with all agents having an opinion of either 1
or 0, by the same dynamics illustrated in Figure[7}
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Figure 7: Dynamic of consensus (polarization) without of homophily (- = 0) with P(PUO) = 0.9 (|S; +| = 8).

Of furtherinterestis to test whether bi-polarization obtains by implementing V Un in combination with different
levels of P(PUO), where agents perform vigilant update by adding n new arguments favouring their opinion
when they receive contrary information, and then discard the contrary argument with probability = P(PUO).
The rationale behind this is that it may well be the case that different forms of bias work together, at least as
far as experimental evidence from studies in the psychology of reasoning would show (see Section 3). Under
Configuration 1 and h = 0 we performed three tests with VU2, keeping |S;:| = 4, and P(PUO) = 0.9,
= 0.6 or = 0.3. In the first two cases, bi-polarization always occured (500 runs over 500), although at different
speeds (resp. ~200 and ~9200 time steps), while in the third case it occured 195 times over 500 with an average
speed of ~2m steps (other runs exceeded the time limits but their analytics indicated a tendency towards bi-
polarization). We then tried the same three tests with VU1 and found that bi-polarization was always obtained
with P(PUO) = 0.9, still 15% of times when P(PUQO) = 0.6 (but with groups of very different sizes), while it
did no longer occur when P(PUO) = 0.3. Here, combining VUn with PUO generated group split, but only
consistent levels of the latter work as efficient drivers of it.
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VUl VUl VU1 VU1l VU2 VU2 VU2 VU2
P(PUO)=0 P(PUO)=.3 P(PUO)=.6 P(PUO)=.9 P(PUO)=0 P(PUO)=.3 P(PUO)=.6 P(PUO)=.9

h=0 no no 15% 100% eot 100% 100% 100%
no 9% 97% 100% 100% 100% 100% 100%

Table 1: Rates of bi-polarization for |S; ;| = 4 with h = 0, h = 1 and different degrees of P(PUO).

4.13 We will leave other possibly interesting combinations of parameters and further configurations for future ex-
ploration. What our simulations showed is that, in order to produce bipolarization without homophily in this
model, we need to assume that strong forms of informational bias are at work. Given this, we could ask why
this is so, and what is different from other simulative approaches where bipolarization is a more natural out-
come. The final section discusses our results in the light of general features of the ACTB environment and then
provides some comparative insights.

Discussion

5.1 Here, we have expanded the simulative model of ACTB in two different directions. On one hand, we generalized
the idea of an argumentative knowledge base and consequently adapted its original measure of argument-
based opinion. On the other hand, we implemented more policies of argument communication and updates.
These expansions allowed us to address two research thesis on a precise simulative basis. Question 1 is about
whether and how stronger arguments from one side lead to more consensus or to larger groups polarizing in
this direction. As our results of Section 4 show, stronger arguments have a tangible effect only on the second
of these dimensions. Question 2 asks whether bipolarization can emerge from informational biases other than
homophily, as conjectured and experimentally tested by a solid tradition in social psychology. Here, the answer
is moderately positive, insofar as our experiments show that, in the absence of homophily, strong forms of
informational bias are needed to force bi-polarization. Indeed, when the tendency towards a biased update is
less than perfect, even a small amount of noise suffices to disrupt the dynamics of bi-polarization.

5.2 Of course, our answers to questions 1 and 2 depend heavily on the simulative model adopted. We cannot pre-
tend to generalize their importance beyond its assumptions and without empirical backup. However, the gen-
eral architecture of the model can provide some useful insights relating to general findings of polarization and
bi-polarization. Here, we discuss two salient aspects of the ACTB model: (a) the structure of the network of com-
munication among agents and (b) the assumptions about the global and the individual knowledge base. More
specifically, we draw some conjectures about how these features influence our results concerning Question 2.
Moving from this point, we compare the ACTB model with a family of ABMs with rational (Bayesian) agents,
where alternative assumptions generate different results, and with the argument-based model of Singer et al.
(2019), similar in spirit to ACTB. Regarding the latter, the results point to a large extent in the same direction as
ours, but our experiments in Section 4.8 - 4.12 open a different interpretation.

The network structure

5.3 Inthe ACTB simulation environment, bi-polarization and consensus are strongly dependent on the communi-
cation protocol and the implicit network structure generated by it. For example, as noted elsewhere (Proietti
& Chiarellal2021), all other things being equal, the rate of bi-polarization outcomes diminishes significantly by
inverting the roles of speaker and receiver - i.e., by first randomly choosing the speaker and then selecting the
receiver by homophily. In the ACTB simulation environment, each agent can in principle communicate with
every other agent and therefore the communication network is a totally connected one. However, homophily
plays a major role in determining the weight of the communication channel between each pair of agents, which
is inversely proportional to the similarity of their opinion. Even with a minimal degree of homophily (h > 1),
communication between agents with mostly dissimilar opinions, is impossible. Therefore, the structure of the
communication network is endogenously determined by the agents’ opinions and the two things shape each
other by a back-and-forth process. As soon as opinions become more distant, the likelihood of communication
diminishes, and this indirectly causes more distance in opinions ...and so forth. This is another way to under-
stand how bi-polarization emerges in the original environment. When we set 1 = 0 instead, the network is
forced to stay totally connected and all links keep equal weight. The fact that bi-polarization is extremely hard
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5.4

5.5

5.6

5.7

5.8

to achieve without homophily can therefore be interpreted as a confirmation of the empirical finding accord-
ing to which opinions in diverse groups and in conditions of fully open discussion tend to depolarize (Vinokur
& Burnstein|1978;/Abrams et al./1990).

Assumptions on the knowledge bases

Global knowledge G is based on afinite set of arguments. Although the fact that available information/arguments
about any topic are potentially infinite may be objected to, this does not seem to constitute a strong limitation
of the ACTB model, which is still somehow realistic, provided that the size of G is sufficiently large with re-
spect to individual knowledge bases. Furthermore, dealing with a finite set of arguments allows us to calculate
sa(v) as the opinion of an ideal mostly informed agent and therefore serves as a touchstone to evaluate group
performance.

Concerning the way rational agents are modelled in this framework, we already pointed to certain specific fea-
tures that make the ACTB model different from other possible approaches. First, agents have limited memory
and therefore lack perfect recall, which is a reasonable assumption when dealing with bounded rationality. We
have shown that the size of their memory strongly affects the rate of bipolarization outcomes under homophily.
One can summarize this finding as “more memory, more consensus”. However, we found no evidence that in-
creased consensus entails a better performance in terms of truth-tracking, i.e., having the average opinion of
the group closer to sg (v).

Furthermore, in the original model the size of the agents’ memory is kept constant by discarding older argu-
ments. With our new updating policies some further mechanisms of preferential discarding are introduced,
but still the main factor is how old arguments are. There is room for objections about lack of realism here. In-
deed, for real individuals, pieces of information are not all on a par, some are more firmly grounded in their
cognitive life and more resilient to change, while others are evanescent. However, hardcoding this into agents’
informational behaviour amounts to the assumption of yet another strong form of informational bias. Related
to this is a further assumption, i.e., that the agents’ opinion, as in the original model, is fully determined by
the arguments an agent owns at any given time, and not by the full stream of its previous evidence. This may
determine big jumps in opinion after any updates of information, again proportional to the size of the agent’s
memory. As shown in|Proietti & Chiarella| (2021), there are other ways of defining argument strength that take
into account previous evidence and that make the agent’s opinion more resilient, thus mitigating the effect of
big jumps. Arguably however, such resilience can again, be regarded as a form of bias, as it makes the agents’
opinion strongly dependent on initial (arbitrarily determined) conditions. Be this as it may, it is an interesting
task to explore how these general features of the environment influence its outcome that we leave for future
work. For the present discussion, we will limit ourselves to a brief comparison with alternative agent-based
approaches.

A comparison with Bayesian frameworks

The fact that strong informational biases are necessary to generate bi-polarization effects in the absence of
homophily seems at odds with the results obtained by |Pallavicini et al,(2021) using the Laputa multi-agent
simulation environment (Olsson|2011; Angere|2010). In Laputa, agents exchange information about a given
proposition p. They do so by sending a binary message about its truth, either p or —p. Upon receiving new
information, agents revise their degree of belief of p by means of a standard mechanism of Bayesian update.
Here, updating the likelihood of a given hypothesis H upon receiving new data D has the general form P(H |
D) = %, where P(A | B) is the conditional probability of A given B. Here, the revised degree of
belief about p after acquiring new information (P(H | D)) is a function of, essentially, the agent’s prior opinion
(P(H)) and their trust in the source telling the truth (P(D | H)). It turns out that under a large variety of
initial conditions and distributions of trust among agents, bi-polarization occurs in a situation of fully open
communication and by a mechanism of prima facie fully rational updates.

Here, we cannot provide a detailed comparison of our model and Laputa, since the added dimension of trust
makes system behaviour harder to reconstruct, let alone to explain. One key however, are some fundamental
observations by(Jern et al.|(2014) concerning the behaviour of Bayesian agents in the context of the closely re-
lated phenomenon of belief polarization. The latter is understood as the process by which two individuals with
different prior beliefs observe the same external evidence and subsequently strengthen their beliefs in oppo-
site directions. Jern et al.[{(2014) showed that this type of contrary updating is fully compatible with a Bayesian
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framework. Indeed, if two agents have different prior stances on an hypothesis H and assume different condi-
tional probability distributions for how H influences the observed data D, then the same evidence can update
stance in opposite directions. Contrary updating may also occur when further background knowledge besides
H, an additional random variable V, influences data observation in any specific ways. There, contrary updat-
ing may occur even if two agents agree on the conditional probability of D given H and V, provided that they
assign different priors to H and V. In the Laputa environment, trust in the source seems to play such a role and
therefore allows for contrary updating that ultimately leads to bi-polarization. In the standard protocol of ACTB
contrary updating is simply not possible, since each new argument is accepted and its polarity determines the
direction of the update. New procedures such as PCO and VUn on the other hand, open up to the possibility
of contrary updating given the same evidence (argument), and this seems to explain why groups can bi-polarize
even in the absence of homophily. However, nothing similar to background knowledge V' is at work here, since
all arguments are on a par and each one is discarded when it gets sufficiently old. As mentioned, it is possible
that the memory of actual individuals works in a significantly different way. More insights on this issue would
provide fuel for future research.

A comparison with the model of|Singer et al.|(2019)

Very similar in spirit to our framework is the multi-agent model by |Singer et al.[(2019). Here too, each agent
owns a limited size?? set of pro and con arguments and their opinion is fully determined as a weight of their
strengths. One main difference with respect to our model is that weights are assigned as arbitrary numerical
values, normally distributed around 0, negative for pro and positive for con, and therefore arguments are re-
garded asindependent of each other. As in our case, interaction consists of an exchange of arguments. Different
from our setup, here, communication is not one-to-one but one-to-many (the sender communicates one of its
arguments to everyone else) and there is no homophilous selection of the interaction partner.

The effect of different updating policies is put to test. A first policy is the so-called naive-minded one, where
agents receiving a new argument, dismiss one of the oldest arguments they have in their repository. With some
provisions, this policy is the same as the standard update protocol of the ACTB model. Not surprisingly, bi-
polarization does not occur with this policy, in line with what previously shown by Mas & Flache|(2013) in the
absence of homophily. A second policy is the so-called weight-minded, where agents receiving a new argument
discard the weakest one in their repository. In spirit, this is the same as our PUW. In this case, our results for
PUW (and PCS) confirm theirs. The possibility of introducing homophily as a parameter in our setup shows,
however, that such a policy can nonetheless act as a booster for bi-polarization under favourable conditions.

Athird update policy is the coherence-minded. Here, the agent receiving a new argument dismisses the weakest
one from those contrary to their opinion. At first sight, this looks almost the same as our PUO, but with a
caveat. While PUO encodes the ‘dogmatic’ attitude by which agents discard some argument a priori when it
goes against their prior opinion, in the coherence-minded policy they provisionally accept the new argument,
recalculate their opinion by adding it to the balance, and then decide which argument to discard on the basis
of the revised opinion. Moving from this,|Singer et al.|(2019) argue that the coherence-minded policy fulfils the
desiderata for a rational updating policy. And since bi-polarization is a dominant outcome under this policy in
their experimental setup, they conclude, as one main claim of their work, that bi-polarization is consistent with
rationality.

However, as we have suggested, in models of this type bi-polarization occurs if agents cannot switch sides in the
opinion spectrum when exposed to contrary information. In this case, it seems that this possibility is directly
proportional to (a) the size of their memory, with more arguments, adding one does not make a big differ-
ence, and (b) the distribution of the numerical weights of the arguments, if all arguments have similar strength,
adding oneis less likely to shift the balance. Therefore, it is quite possible that the bi-polarization effects in the
coherence-minded setup are induced by the very same dynamic occurring when P(PUQO) = 1. To check this,
we coded the coherence-minded update (Algorithm[4) and tested it in our model under the same parameters
that we used for the experiments with P(PUQO) = 1. Both with |S; ;| = 4 and |S; | = 8 results are univo-
cal: bi-polarization occurs 100% of the times (over 500 runs) in both cases, and the analytics show that opinion
shift happens very rarely. It is likely that this is due to the fact that our setup is particularly unfavourable with
regard to conditions (a) and (b). The agents’ memory is sufficiently large and all arguments have equal weight
in Configuration 1. To make conditions more favourable for opinion shift, we also tried with a reduced memory
of | S;.+| = 3 and results are the same.
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Algorithm 4 Coherence-minded
1: procedure COHERENCEMINDED(7, j)

2: argument @’ <~ RANDOM_ARG(j.args)
3: if a’in i.args then
4: Nothing happens
5: else
6: if i.opinion = 0.5 then
T REMOVE_RANDOM_ARG (i, a’)
8: else
9: Add o’ to i.args
10: CALCULATE_OPINION(%)
11: REMOVE_WEAKEST_COHERENT (%)
12: return
13: procedure REMOVE_WEAKEST_COHERENT(?)
14: if (i.opinion > 0.5) then
15: if HAS_NEG_ARGS(i) = TRUE then
16: REMOVE_WEAKEST_NEGATIVE(7)
17: else
18: Remove_weakest(i)
19: if (i.opinion < 0.5) then
20: if HAs_Pos_ARGS(i) = TRUE then
21: REMOVE_WEAKEST_POSITIVE(7)
22: else
23: REMOVE_WEAKEST (%)
24; return

In sum, it may well be the case that this happens because our setup and that of|Singer et al.|(2019) are not able
to tell the workings of the coherence-minded policy from those of PUQO. This becomes more intriguing when
compared to our results for P(PUO) = 0.9. There, although the bias is stronger, the noise created by an even
small probability of accepting new information at face value is sufficient to induce opinion shifts, and therefore
consensus (in fact polarization) in the long run.
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mission.

2This is a common assumption with many models based on imitation such as|DeGroot|(1974).
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3The effect of homophily is indeed similar to what occurs when individuals, as a result of ingroup/outgroup
division, tend to communicate only with members of their group, with the difference that here group divides
are not exogenously determined from the beginning, but emerge as the effect of homophilous communication.

4This reflects the fact that we are dealing with non-omniscient agents. In this simulation environment, this
assumption is also crucial to obtain bi-polarization effects. If dropped, all agents’ individual knowledge bases
would coincide in the long run with the global knowledge base and therefore their opinions would converge.

5This holds by assuming that the initial opinions are uniformly distributed along the opinion spectrum, as
itis the casein our setup.

®In the original model of ACTB the measure ranges between —1 and +1 and is calculated as

D ae(S,.nPro(v)) We(a) — Zae(si,mcon(u)) we(a)
|55

Equation 2 is simply a linear transformation of this, implemented for the practical purpose of scaling all mea-
sures on the same interval [0, 1].

"Assuming that individual knowledge bases are proper induced subgraphs of G comes with a number of im-
plicit assumptions of the agents’ capacities. For example, agents cannot mistakenly believe that one argument
attacks another when it does not (in G). However, these assumptions are not problematic for our investigation.

8To the best of our knowledge the only definition of an argument strength measurement for general directed
graphs (possibly containing cycles) is by|Leite & Martins|(2011). However, it was shown by/Amgoud et al.|(2017)
that this approach suffers from technical issues that prevent its generalization.

SWe should note however, that many real-life debates have genuine dilemmas, which are typically repre-
sented as cycles of attacks between arguments. For this reason, measurements of argument strength for gen-
eral graphs are desirable.

191t would seem natural to define our measure sg, , relative only to the graph S; ¢. As mentioned, the issue
is that in the individual knowledge base S; ; arguments that are not directly linked to the topic node v in G are
likely to be disconnected from it and therefore would have no impact on the calculation of its strength. Let us
suppose that bR a1 Rgv buta; € S; ;. In such a case, b counts as an argument with negative influence on v
relative to G butnotto S; ¢, and therefore would not affect the strength of v. Although this may be reasonablein
certain contexts, itis objectionable in many others. For our experiments we decided to include these arguments
in our calculations. However, this feature can easily be modified as a parameter of the model.

Hone straightforward alternative is to calculate the strength of each argument only locally, i.e., weighting
onlyits direct attackers and supporters, and not its more distant ancestors. Thisamounts to replace Pos(a) with
Pro(a) and Neg(a) with Con(a) in Equation 3. Otherwise, instead of summing the cardinalities of positive and
negative arguments in the denominator, one may sum up their strengths, so to obtain equation

EbGS’i,tﬁPc)sg(a) 5S¢ (b) - ZbeSi'tﬁNeg(;(a) SSit (b)

ZbEPosG (a)UNegg (a) 5S¢ (b)

. This would also provide a well-defined measurement, consistent with o, ; as previously mentioned.

2Indeed, with h = 0 condition (b) does not entail that bi-polarization is stable, since communication is
still possible between maximally dissimilar agents lying at the opposite poles of the opinion spectrum. On the
other hand, if vigilant update is active as described in Section 3.16, then arguments that have been forgotten
can possibly circulate again, and therefore condition (a) does not guarantee that opinions will converge.

13pespite deviations from the mean did not seem to be very high, one should take into account the small
number of agents (= 20) of our setup, as well as the fact that the measurements we adopted determines only
an moderate unbalance (s (v) = 0.75) compared to other possible measures of topic strength (see e.g., fn. 11)
where the strength of the topic node would instead be 1.

1with less memory, e.g., with | S, ;| = 4, it was highly unlikely for some agent to own both one argument
and its attacker in his individual knowledge base.

>Here, no bi-polarization occurred with and |.S; ;| = 8 no homophily, while with 1 = 9 we obtained 30% of
bi-polarization outcomes, i.e., a rate comparable to that of Configuration 2 (see Section 4.1). Average cardinality
of pro-oriented agents was approximately 10, as expected, and time needed to reach bi-polarization is ~87000
time steps.
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8More precisely we ran our testson a2 x 2 x 10 x 10-element space where |S; ;| = 4or=8,h =0o0r=1,
and P(PUO) and P(PCO) have values increasing by 0.1 from = 0 to 1.

This outcomeisindeed almost analytical, since agents starting with an oriented opinion will always discard
information while on the contrary, agents in the middle (o7, = 0.5) will do the same as soon as their opinion
shifts in one direction as the effect of argument communication. See also|Kelly|(2008).

8For example, with h = 0, |S; ;| = 8 and P(PUO) = P(PCO) = 1 reached maximal bi-polarization on
average ~900 time steps, much faster compared to ~5500 steps with P(PCO) = 0.

19Bj-polarizations were 327 over 500 with P(PUO) = P(PCO) = 0.8, only 8 with P(PUO) = P(PCO) =
0.7, and none with P(PUO) = P(PCO) = 0.6.

20More precisely, bi-polarization occurred 12 times over 500 when P(PUQO) = P(PCO) = 0.8 and 5 times
when P(PUO) = P(PCO) = 0.7. Furthermore, the impact of PCO was negligible in all these cases, since,
e.g., bi-polarization still occurred 10% of the times when P(PUO) = 0.9 and P(PCO) = 0, very similar
compared to 12% with P(PCO) = 0.9.

21This comes as no surprise, since, as soon as the whole community is brought on the same side of the opinion
spectrum, then the specific workings of PCO and PUO force to circulate and keep alive only arguments in the
same direction, while ‘killing’ arguments to the contrary.

22Singer et al.|(2019) also run some experiments where agents have an unlimited memory and cumulate
information without ever discarding arguments. There consensus is always obtained. Rephrased in our terms,
this result is a consequence of the fact that agents end up being omniscient, since their individual knowledge
bases become the same as the global knowledge base and therefore identical to each other, as we pointed out
in footnote 3.
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