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ABSTRACT

In online social communities, influencers, moderators of communi-
ties, new media figures, etc., hold a privileged position on account
of their visibility, and have been referred to as norm entrepreneurs
because of their ability to broadcast their views about right and
wrong. In recent years, there have been calls to consider regulation
and reevaluate their roles and responsibilities towards the health
of our social institutions. However, any act of regulation needs
further understanding of their macro-level impact on society and
expectation of an ideal behaviour. In this paper, we take a step in
that direction by formalising the following question. What should
be the ideal behaviour of such highly visible entities towards mit-
igating adverse societal phenomena such as opinion polarisation.
We refer to such entities as information stewards and answer the
above question in three steps. First, we develop a model of opinion
exchange mediated by descriptive norms, i.e. expectations of others’
opinions, based on a coordination game. Next, we demonstrate the
conditions under which opinion can become polarised organically
due to imperfect observation and the incentives to stay silent. Fi-
nally, we formalise the optimal behaviour of information stewards
as an information design problem solved using sequential Bayesian
persuasion. Our results show that in the absence of information
stewarding, opinion polarisation can develop through a process
similar to spiral of silence effect. Furthermore, we also show that
whether an optimal information steward can mitigate societal po-
larisation depends on the proximity of their own opinion to the
descriptive beliefs of community members, thereby highlighting the
importance of the process through which the stewards are selected.
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1 INTRODUCTION

Driven by the rise of social networks, online interactions have
become an important aspect of social life [23, 26]. It is becoming
increasingly clear that online social connections between people
play an important role in the health of our political and social
institutions. They have been an agent of positive change; acting
as a catalyst in the fight for democratic rights and in giving voice
to marginalised populations [11, 13]. However, the past few years
have also shown ample evidence of the role of online communities
in disrupting established institutions of public good, such as public
health and democratic norms [16, 41]. In response, there have been
calls for the oversight and regulation of online spaces [21, 31, 33].
However, when the drivers of the target of regulation, such as the
spread of misinformation and “fake news", are consequences of
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partisanship [34], it can be an arduous task to achieve consensus
on the form of regulation, as has been observed in Us?t.

Among other considerations of privacy, data governance issues,
and corporate power concentration, arguably some of the most
widespread concerns around social media platforms have been the
polarisation of public discourse [3, 19]. Part of the blame has been
attributed to the inherent design of large social media platforms and
the connection between the spread of information in homophilic
groups and the rise of echo chambers [12, 38]. In response, com-
puter scientists have developed several useful fairness oriented tech-
niques vis-a-vis training data augmentation and controlling infor-
mation flow with the goal of reducing group homophily [1, 35, 37].
However, other works have also pointed to the established correla-
tion between increased political participation and polarisation with
the difficulty of disentangling the causal chain, and harm mitiga-
tion can focus on ways to reduce extremism rather than addressing
polarisation as the end goal [5].

An alternate perspective points to a much deeper problem. Vari-
ous factors, including the scale of our social networks combined
with algorithmic feedback, collectively have created an informa-
tion ecosystem that is unprecedented in human society [4]. Social
institutions and cultural norms evolve by latching on to human psy-
chological elements that have evolved at a much slower biological
time scale [20], and the growth and maintenance of inclusive norms
of tolerance, democratic values, and the advancement of civil rights
are not guaranteed to naturally flow from technology-mediated
cultural change. Bak Coleman et al. [4] argue that there is a need for
global stewardship of information to achieve cooperative behaviour
in this new information ecosystem. Similarly, Fagan [15] highlights
that influencers and public entities of note in social networks that
take on the job of normative classification of behaviour, i.e., shar-
ing opinions about right and wrong, act as de-facto information
stewards describing them as norm entrepreneurs. Using their privi-
leged position in the network, such entities coordinate behaviour
by choosing which performances are up for judgements, as well as
their own classification of approval and disapproval.

In this social system, the incentives at play for information stew-
ards may not align with the broader social good that arises from
the mitigation of polarisation and disinformation. From a legal
standpoint, Fagan argues that within the tenets of Sec. 230 of the
United States Code, it is prudent to consider the platform design,
which includes the question of how stewards are selected for and
their behaviour, as the focus of regulation rather than the content
expressed by individual community users. Furthermore, as a part of
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cost-benefit analysis of any such regulation, it is also necessary to
take into account the self-regulation action taken by platforms, for
example Reddit enforcing higher standards of behaviour of their
community moderators compared to general users?. In that context,
we present a computational approach to answer the following ques-
tion. What should be the ideal behaviour of information stewards
for mitigating polarisation in a population? This question is impor-
tant for lawmakers and platform designers since both need insight
into an ideal behaviour expected from information stewards as
part of any legislative process and evaluating the effect of platform
design changes, respectively. Specifically, we make the following
contributions.

o A normative microfoundation of opinion expression: Analysing
macro-level phenomena such as polarisation requires a
model of individual behaviour. To that end, we present a
normative model of opinion expression in which actions
are mediated by descriptive norms, i.e., an expectation of
the opinion of others’ and a preference towards opinion
conformance. We model agent’s behaviour of choosing to
stay silent or share their opinion as equilibrium actions of
an underlying coordination game of opinion expression.

o A mechanistic model for polarisation. Similar to the spiral of
silence effect [32], we demonstrate how a normative model
under some mild conditions, namely people having differ-
ent degrees of opinion and the option to stay silent on a
focal issue, can result in self-reinforcing cycles of belief dis-
tortions leading to polarisation of opinions. Furthermore,
we show that as a consequence of that effect, individuals
with extreme opinions are over-represented in the set that
share their opinions.

o Optimal information design for information stewards. Using
a Bayesian persuasion framework [22], we cast the prob-
lem of optimal behaviour for information stewards as an
information design problem. Using recent results from Gan
et al. [18], we formulate the information design problem
as a form of sequential Bayesian persuasion that can be
modelled using a Markov Decision Process. Based on simu-
lation and formal analysis, we demonstrate and quantify the
reduction in polarisation and increase in community par-
ticipation an optimal information stewardship can achieve.

2 THE MODEL

A normative microfoundation of individual behaviour relies on a
few key elements: i) an individual’s own incentives, ii) their belief
about others’ incentives, iii) beliefs about others’ expectation of
their own actions, and iv) the awareness of sanctions that can be
levied based on their action. These constructive elements give rise to
a wide category of norms that are typically present in a society (see
Bicchieri [8] for a taxonomy of norms based on these constructs).
Our model considers the minimal criteria of a descriptive norm,
which is a behavioural rule that says that an individual prefers
to conform if they believe that a sufficiently large subset of the
population also conforms to the rule [8]. One can observe that
behaviour driven by such descriptive norms is commonly prevalent
in online communities, where the expression of opinion is often
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Figure 1: The coordination game structure of individual in-
teractions of opinion exchange.

mediated by the belief about the approval and disapproval of their
opinion.

e A population of N agents indexed as i € {1,.., N}

e An opinion o; ~ fy- of an agent i drawn from the opinion
distribution fy+; 0; < 0.5 indicates disapproval on the focal
issue and o; > 0.5 indicates approval.

e A set of actions A = {E, S} available to each agent, where
the action E represents an agent expressing their opinion,
and the action S represents the agent staying silent.

e A common descriptive belief 6, which is the parameter of
the opinion distribution. Note, when 6 # 0%, it implies a
distortion of belief with respect to the real distribution of
opinion.

o Utility u;(a;lo;) of an action a; € A to an agent i condi-
tioned on the opinion of the agent.

Utilities. Agents can acquire utility based on the expression of their
opinion and they can also secure a basic utility u when they remain
silent. Regarding the semantic meaning of utility, one can consider
that if the opinion values encode some notion of the strength of con-
viction, assertiveness, loudness, or any other affective attributes of
an opinion, higher values in terms of its intensity will bring greater
utility to the player, which can only be achieved by expressing an
opinion. Therefore, we model the utility of sharing an opinion as a
linearly increasing function of opinion value centered at 0.5.

0i, if 0; > 0.5

ui(Elo;) = _ (1)
1—o0;, otherwise

Next, we present the interactions of agents based on the above

model with the help of a coordination game.

2.1 Interaction model

Interactions between individuals, or players, in this model can
be described in the form of a Bayesian game, as shown in Fig. 1.
Prior to interaction, a player is not informed of the opinion of
the other player they are about to interact; they may hold a prior
belief about the other player’s opinion, which is a function of the
descriptive belief that the player holds about the members of the
community, however, they do not have complete information about
the opinion of the interacting agent. Interaction of this nature can be
modelled as an incomplete information game with the opinion value
of the other player, o_;, acting as a type in standard game-theoretic
terminology. From the perspective of a player, indexed as i and as
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Figure 2: (a)The Bayesian Nash equilibrium action selection
ratio at different levels of opinion value and descriptive con-
cordant beliefs. (b) Cut of the the BNE action election

the second player in the game, nature draws the type (or opinion) of
the other player, who in turn decides to stay silent (S) or express (E)
their opinion. Based on the utilities of the actions, one can achieve
the utility corresponding to the opinion value by expressing their
opinion, while staying silent gets them a constant utility of u. The
game captures a preference of agents for conformation, and higher
payoffs are achieved by both agents expressing their concordant
opinions. Although in the general sense, the parameter 6 may not
have semantic meaning beyond just the parameters of the opinion
distribution fy, for ease of analysis, we consider 8 as the expectation
of approval. This makes analysis easier since under a common prior,
if b is the concordant belief for 0; > 0.5, i.e., for approval, then
the corresponding concordant beliefs for opinions of disapproval,
0j < 0.5,1s 1-b. Specifically, we use the Bernoulli distribution as the
common prior distribution and the concordant descriptive beliefs
b(0;;6°), that is, the belief of agent i that the interacting agent —i
shares the same opinion, can be calculated as 8° for 0; > 0.5 and
1 — 6° otherwise. With 6° as the common prior in the Bayesian
game, depending on the prior descriptive belief b(0;; 8°) and the
opinion values of the two players, there are multiple Bayesian Nash
equilibria (BNE) in the game.

THEOREM 1. The Bayesian Nash equilibrium, n*(0;) of the nor-
mative opinion interaction game is
. b(0:30°)-u; (0;)
E, if—rt——>1
o*(01) = { S @

S, otherwise

where b(0;;0°) is the descriptive belief of a concordant opinion pa-
rameterized on the common prior distribution 6°, u the utility for
silence and u;(0;) the utility of expressing opinion.

Proor. In Appendix. O

The equilibrium action of each agent is mediated by three factors,
the opinion value o;, the concordant descriptive belief b(o;; 6°), and
the security utility u. The probability of choosing to express one’s
opinion is positively correlated with the first two factors; a player
is more likely to share their opinion if they have higher opinion
value or higher descriptive beliefs. On the other hand, a higher
security utility u carry an incentive to stay silent, and therefore the
probability of staying silent increases. Fig.2a shows the BNE action
selection ratio from Eqn. 2 at different opinion values (x—axis), as
the well as different concordant descriptive beliefs b(o;; 8°) (y—axis)
at a fixed value of u = 0.3. The optimal action for any combination

of opinions and concordant descriptive belief values for which the
surface lies above z = 1 plane is to express their opinion. Notice
that mid-range opinion values (near 0.5) need a higher concordant
beliefs to express their opinion compared to opinion values in the
extremes.

Under a common prior, there are two separate cuts of the surface,
one for the concordant beliefs of 0; > 0.5 and another for 0; < 0.5.
Fig. 2b shows the corresponding cuts of the BNE action selection
surface for common prior 09 = 0.55, which results in a cuts corre-
sponding to approval opinions at b(0;;8°) = 0.55 and for opinions
of disapproval at b(0;; 8°) or 0.45. Shaded regions are constructed
from the BNE action of Eq. 2, and represent the opinion values for
which the optimal action is to stay silent.

LEMMA 1. The maximum opinion value of minority opinion ex-

pression is 1 — % and the minimum opinion value of majority opinion

expression is %

0°-u;(0:)
u

Proor. Solving for o; based on the inequalities -1>0

—0°)-u; (o;
and M —1 > 0 for opinions for approval and disapproval,

respectively. O

CoOROLLARY 1.1. The minimum utility of majority opinion expres-
sion is greater than or equal to the minimum utility of minority
expression.

2.2 System dynamic and polarisation.

In this section, we present the evolution of the descriptive beliefs
of the population and its corresponding impact on the population
characteristics over time. We model the population as a set of my-
opic agents, meaning that the agents act by repeatedly playing the
equilibrium action of the one-shot game described in the above

sections®. We model agents’ uncertainty over the common prior
_a®
a¥+p0"
At each subsequent time step, the sequence of interactions is as

follows.

6° as a Beta distribution with parameter a°, B° where 6° =

o Action step: At time step t, each agent selects the action of
expression or silence based on Eqn. 2 and the descriptive
belief at that time step, ot.

o Update step: Each agent observes the opinions expressed
and updates their prior in accordance with only the ex-
pressed opinion values with the help of Bayes rule. The
updated belief parameters are a’ + (¢ o), B +(c- (1-0E))
where c is the update rate and o is the average opinion
values of the expressed opinions. Agents update 6*+! as the
mean of the posterior distribution.

In an online community, it is imperceptible to identify why an
individual stays silent; one may stay silent due to the incentives at
play as modelled in the opinion exchange game or for a variety of
other factors that result in the individual not being engaged in the
conversation. The update step captures such imperfect observation
by incorporating only the opinions that are expressed into the
Bayesian update process. The update rate encodes the degree to
which uncertainty about the approval rate is reduced with repeated

3This is in contrast to far-sighted agents who treat the interactions as a dynamic game
and follow behaviour based on the equilibrium of the dynamic game.
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Figure 3: Evolution of descriptive beliefs for different initial
starting priors o, f° = {(4,2), (3,1.3),(5,2), (2,3.3)}.

interactions. A higher value implies a faster rate of uncertainty
reduction per time step. The new posterior parameters follow from
the closed-form expression of the Bayesian update rule for Beta
distributions.

Fig. 3a shows evolution trajectories of the descriptive belief of the
population for N = 100 agents, 100 time steps, u = 0.2, ¢ = 10, and

four different initial priors for a®, 8 = {(4,2), (3,1.3), (5,2), (2,3.3)}.

x-axis shows time steps and the y-axis shows the mean descriptive
belief of the population. For each starting prior, we generate 100
uniform opinion distributions (fyp+) with the true rate of approval
0* = 0.55 and simulate the trajectories. The mean and standard
deviation of the descriptive beliefs grouped by the sets of starting
priors are shown in the figure.

In the evolution of the beliefs, there are two relevant aspects
in the context of polarisation. First, depending on the value of
security utility u, repeated interactions can lead to more extreme
opinions over time. This results from the fact that the individuals for
whom silence is the optimal action are concentrated near moderate
opinion values as seen in Fig. 2. The following lemma formalises the
conditions under which the expected opinion value of the expressed
opinions in the population will move to a more extreme value.

LEMMA 2 (POLARIZATION). For opinion of approval, if u > %, and
0" < og, then Ef[|oA|]t+1 > Ef[|oA|]t. Conversely, for opinion of
disapproval, ifu > # and 6* > of then]Ef[|oD|]tJrl > Ef[|oD|]t,
whereop = {0j;0; > 0.5}, 0p = {1 — 0;;0; < 0.5}, 6! is the common
expected belief of approval at time t, f is any arbitrary opinion distri-
bution, and of, is the average opinion values of the expressed opinions
given by

u
max{O,l—ﬁ}

1
07 / 0 for(0)do + 0 fp«(0)do 3)

u
0 max{O.S,g—,}
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Second, extreme values of common descriptive beliefs result in
the complete silence of minority opinion holders, and only major-
ity opinions are expressed in the population. This phenomenon is
similar to a spiral of silence phenomenon [32], however, it is inter-
esting to note that prior to when the spiral is triggered, the residual
minority opinions expressed will be the ones with extreme opinion
values. One can see from the figure that when the population starts
from a high prior 8° > 0.7, the population never reaches the true
approval rate, while starting from 0.66, only a small proportion of
the belief trajectories reach the true opinion value. At the same
value of opinion utility, agents with minority opinion values need
higher concordant beliefs to express their opinion compared to
majority opinion holders. Therefore, if the prior beliefs (6°) start
from a high value, or alternatively, if the system trajectory reaches a
high value, the optimal action of minority opinion holders is to stay
silent, and subsequently the belief never reaches the level needed
for the minority opinion holders to express their opinion regardless
of the opinion value, therefore causing a spiral of silence. In our
model, the threshold at which the spiral of silence in the direction
of majority opinion is triggered is 0’ > 1 — u. If the mean true
opinion is of approval (as in this case with 6* = 0.55), although
the prior may be of disapproval, as long as 6 > #, the beliefs will
converge to the true mean following the standard Bayesian update
process. This is seen in Fig.3a with the lower set of trajectories.

LEMMA 3 (SPIRAL OF SILENCE). If approval is a minority opinion
andu > 0, then Ef[|0A|]tl = 0,V¢' > t. On the contrary, if dis-
approval is a minority opinion andu > 1 — 0%, then Ef[|oD|]t/ =
0Vt >t

3 PUBLIC PERSUASION

Having presented a dynamic that can organically lead to opinion
polarisation, in this section, we analyse the role of information stew-
ards in this social process. Specifically, we address two questions:
How can we model the impact of a information steward who gen-
erates normative signals? What should be the optimal behaviour of
such a steward with the goal of mitigating the polarisation observed
in the population? We highlight the point that even in the presence
of information stewards, the behaviour of community members are
still mediated by purely descriptive beliefs; in other words, we do
not model information stewards as entities with sanctioning pow-
ers over the community members. However, due to the privileged
position of the information steward, their actions can act as public
signals, which influence the descriptive beliefs of the community
members, which in turn influence the community behaviour. In
a formal sense, we cast the problem of optimal behaviour of in-
formation stewards as a problem of optimal signals generated in
a Bayesian persuasion framework [22]. We first provide the nec-
essary background on Bayesian persuasion, and then discuss the
application of the framework to our problem.

3.1 Background

The basic framework of Bayesian persuasion is a game of infor-
mation between a sender and a receiver, which in our case are the
steward and the community members, respectively. The sender
has the choice of designing a signalling distribution 7(s|6) over
an arbitrary space of signals s € S conditioned on a state 6 € ©.
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The sender’s action is a signal realisation s ~ 7(s|0) sampled from
the signaling distribution. The structure of the game imposes a
constraint on the sender to truthfully convey the signal realisation
from the chosen publicly observed distribution 7 to the receiver.
The utility of the receiver u(a, 8) depends on its action a and the
state 0. The receiver holds a belief y over the state and selects
their optimal action that maximises their own utility based on their
beliefs according to the following equation.

a, = argmaxBEq_, [ur(a,0)] 4)
a

The action of the sender depends on the action taken by the receiver
and the sender’s utility is represented as us(ay, ). Both share a
common prior over the state, that is, 9 (6). Based on the signal s
observed by the receiver, the receiver updates their belief ;1 based on
Bayes rule, and chooses the optimal action based on the posterior
beliefs. Note that the optimal action of the receiver depends on their
posterior belief (Eq. 4), which influences the utility of the sender
through the receiver’s action aj, and in turn is influenced by the
signal s ~ m(s|6) that the sender generates. Therefore, the main
decision problem of the sender is to choose the optimal signalling
distribution 7(s|0) such that they can maximise their own utility
when the behaviour of the receiver is constrained by the possible
set of posterior beliefs that can be induced by the choice of the
signalling distribution.

4 STEWARD SIGNALS AS NORMATIVE
PERSUASION

Let us now consider the case of a steward whose goal is to mitigate
polarisation and the spiral of silence as discussed in Sec.2. Recall
that in our model, information stewards act as the sender in a
Bayesian persuasion framework. Although the space of signals S
the stewards can generate can be arbitrary, as long as a signal does
not convey any extra information, without loss of generality, one
can consider the space of signal realisations to be the direct action
recommendations that the steward wants the community to do,
similar to revelation principle [18, 30]. In our case, the realisation of
the signal consists of approval and disapproval recommendations,
indexed as 1 and 0, s = {0, 1}, which are drawn from a chosen
Bernoulli distribution 7(s|0) = Bern.(6s), where the subscript s
stands for steward. Therefore, the problem of an optimal steward
is choosing the optimal parameter 6; with the goal of mitigating
polarisation.

There are two unresolved aspects of this information design prob-
lem; first, there is the commitment issue of whether the steward
truthfully gives the sampled signal realisation from the signalling
distribution. Once we interpret the signalling distribution as the
publicly observed behaviour of the steward, it follows straightfor-
wardly that their specific action recommendation of approval or
disapproval (the signal s) is representative of the behaviour they
have chosen for themselves (the distribution Bern.(6;)). The sec-
ond unresolved question is the connection between the state 6 and
the choice of the steward’s distribution 6;. In a typical Bayesian
persuasion model, since 7(s|0) is a conditional distribution on the
state, it conveys information about the true state of nature, which
the sender uses to update the posterior belief about the true state.
However, in our case, there are two different interpretations of the
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Figure 4: Constraining distribution connection the descrip-
tive belief 0! and signalling distribution 6!

true state that can be considered. One can consider the state to rep-
resent the expectation of the entire opinion distribution E fo (07),
or an alternative choice is to consider the state that represents the
expected opinion of only the agents who express their opinion as
encoded in the descriptive belief 6 at each time step. Since the
latter is the one that shapes the behaviour of the population and
it imposes less restriction on the information that the steward can
convey, we consider the second alternative.

Steward constraints One key aspect of information stewards is that
they are members of the community who come to that privileged
position through some underlying social choice mechanism, in-
cluding informal ones such as through individuals “liking" and
“subscribing” to online media content, and also formal ones where
many online communities on Reddit and elsewhere vote on their
moderators. Therefore, it is conceivable that the behaviour of the
steward (as in their signalling distribution) would be in some de-
gree of alignment with the behaviour an individual would expect of
their community members, which is captured by their descriptive
beliefs. Therefore, from a Bayesian perspective, this means that the
steward’s signals convey information about the underlying belief of
the population. We model this relation between the steward’s dis-
tribution parameter 5 and the descriptive belief 6/ by imposing a
constraining distribution C that connects the two parameters. One
can interpret this constraint as the degree to which the behaviour
of the steward is representative of the descriptive beliefs of the
community. We choose a constraining distribution with the con-
dition that the absolute difference between the descriptive beliefs
and the parameters of the steward’s signal distribution is bound by
a threshold 7, |6" — E¢[0%]] < . Fig. 4 shows an example of such
a distribution parameterized by a width parameter h = 7, mean
i = 6, and standard deviation o = 0.05. Details of the distribution
are included in the appendix. Although we choose a specific distri-
bution for our analysis, without loss of generality, one can choose
an alternate distribution that better reflects the relation between
the behaviour of the steward and descriptive beliefs specific to a
community.

Putting it all together, the system dynamics of the model under
signals by a information steward is as follows:



e A performance arrives for deliberation.

o The information steward chooses a publicly observed sig-
nalling distribution s (6, Hst ), where 6! is the common de-
scriptive belief about probability of approval and 6! is the
parameters of the distribution from a family of distributions
chosen by the steward.

o The steward generates a signal s ~ 75(6?,0%) from the
signaling distribution.

— The community observes the signal sample and up-
dates their descriptive belief according to Bayes for-
mula.

7(s|6%; 6%) - Beta(at, BY)

elt =
O = 1607 60) - Betatat, 1) ot

®)

where 0'! is the posterior descriptive belief after seeing
the signal s.

The rest of the steps are identical to the Action and Update steps of
Sec. 2.2.

e Each member of the community chooses their Bayesian
Nash equilibrium action based on the posterior belief (8’ |s)
and Eqn. 2.

e Each member observes the opinions values expressed in
the population and performs another round of Bayesian
belief update as described in the update step of Sec. 2.2.

In eqn. 5, 7(s|0; 6%) represents the likelihood of observing the
signal realization s in state 6. The likelihood function can be ex-
pressed as the product of the probability of the signal being gen-
erated based on the parameter 6! and the constraint distribution
C, both of which are available knowledge to the receivers of the
signal. Following is the expanded Bayesian update expression from
eqn. 5 incorporating the constraining distribution C.

Bern(s; 0%) - C(6%,0%) - Beta(a?, BY)
/Bern(s;@st) -C(0,0%) - Beta(at, pt) dOt

7(0t)s) =

4.1 Optimal signals

The minimal criterion for an effective steward is that their signals
should not induce greater polarisation in the population compared
to the absence of the steward which was modelled in Sec. 2.2. For-
mally, this means that the following two conditions should hold for
such a steward.

(Eflloall™ =Eglloall’) = (B [loall™*! ~Eg[loall’) > 0

(Efllopll™! =Efllopll’) = (B [lop1"™™" = Ef[lopll)) > 0
where 04 and op follows the same definition from Lemma 2, f?, f:*1
are the distribution of expressed opinion values in two subsequent
time steps following the system dynamic in Sec. 2.2 (absence of
steward) and f, SHAt are the distribution following the system
dynamic in Sec. 4 under the signals of the steward. The utility of the
steward depends on how much their signals can reduce polarization,
and for an optimal steward, their signals should not only keep the
reduction in polarisation positive (as in the above equations) but
also induce maximum reduction. The rest of the section focuses on
the solution to the latter problem of optimal signals.

Both under the presence and absence of the steward, the system
dynamic of Secs. 2.2 and 4 are Markovian in nature, since the next
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state (the descriptive belief §?*1) depends only on the current state
of the descriptive belief § and optionally the action of the steward.
Therefore, the problem of optimal signal generation for the steward
can be formulated as a solution to the following Markov Decision
Process (MDP) with the usual constructs of State, Action, Transition,
Rewards as follows:

e State: The descriptive belief of the population 6*
e Action: The parameters of the signaling distribution 0}
e Transition: The transition from 6% to §**A governed by a

transition function

T(6', 0L, HHA') = Z Bern.(s; 0%) - n(@’t|s)Ef6” [og] (6)
se{0,1}

where og = {0; : 6" (0;) = E} and the expectation Eg,. [og]
is calculated the same way as in Eqn. 3 but with the posterior
parameter 6’7,
® Rewards: Since an increase in participation leads to decrease
in polarization (one can see this by looking at the opinion
values corresponding to silence actions in Fig. 2b), we de-
sign the rewards based on the level of participation in the
community. Maximum reward +1 is achieved when the
signal induces full participation. R(6?, 6%) = 2(% —-0.5)
where Ng = {i : 0(0;)* = E}, that is, the number of agents
expressing their opinion.
The transition function in Eqn. 6 is constrained by multiple fac-
tors. First, the committed signaling distribution of the steward
(Bern.(s; 1)), the posterior beliefs of the agents (7(8'!|s), Eqn. 5),
and the expected opinion of the population based on the equilib-
rium action of the agents (Efe/t [og]) with respect to the posterior
descriptive beliefs. The formulation of the MDP is one of sequential
Bayesian persuasion [18] and the policy of an optimal steward is
one that maximises the following value function:

V(') = max [R(0",60)+ DT, 6L, 0"V (0]
56[0’1] =1

We solve for the optimal signaling policy in the MDP using dynamic
programming after discretising the state and the action space with
uniform increments of 0.1 [39]. Fig. 5 shows the evolution of popu-
lation descriptive beliefs for the same four starting priors as in Fig.
3a, ie, @, B0 = {(4,2),(3,1.3), (5,2), (2,3.3)} with two different
constraining distributions (r = 0.1 in the bottom panel and 7=0.2
in the top panel). It is evident from the figure of 7 = 0.2 that for
the priors that triggered a spiral of silence, effect ((3,1.3),(5,2)), the
optimal signals by an information steward were able to bring the
descriptive beliefs down to moderate levels, thereby preventing
the spiral from taking hold. Similar results are also seen for the
prior (4,2) in which the spiral of silence took hold for only a few
trajectories (as a result of randomness in the initial distribution of
opinions). Also note that for prior (2,3.3), in which the spiral was
not observed, the addition of the steward signal is able to maintain
the absence of the spiral. On the other hand, when the constraining
distribution imposes a stricter restriction on the distribution of the
steward signals (7 = 0.1), in all cases, the steward cannot mitigate
the development of a spiral of silence.

The above results demonstrate an important finding of our paper
with respect to the role of stewards. In order to mitigate polarisation
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Figure 5: Evolution of descriptive belief in the presence of a steward signal with constraining distribution parameter h = 0.2

(top panel) and h = 0.1 (bottom panel)

and prevent the spiral of silence, it is not necessary for minority and
moderate opinion holders to express their opinion when the optimal
action in the opinion exchange game is to stay silent. Polarisation
can also be mitigated when the following two conditions hold: i) the
community has an underlying mechanism through which minority
and moderate opinion holders can select information stewards.
This would lead to a relaxation of the constraining distribution C
by increasing the threshold value 7, ii) the selected information
stewards generate signals that are optimal based on the model
presented in Sec. 4.1. Returning to the main motivation of the
paper, these results demonstrate the importance of information
stewards, and whether the consideration is one of new regulation
for lawmakers or design decisions for platform designers, it is
necessary to reevaluate the role of information stewards in the
community.

5 RELATED WORK

In this section we discuss the three contributions of the paper in
relation to the relevant literature on computational models of nor-
mative systems and dynamics of the spiral of silence. Normative
models are an important framework for studying cooperation in
human groups, and the existing literature spans multiple disci-
plines (see Legros and Cislaghi [25] for a general review). Specific
recurring research questions revolve around the role of norms in
economic and social behaviour [14], the design of norm-driven
intervention strategies towards positive behaviour change [9], and
the role of norms in experimental and behavioural game theory [10].
From a theoretical point of view, social norms act as a resolution
mechanism for social interactions that present a conflict between in-
dividual incentives and collective benefit, commonly seen in public
goods problems and the management of the commons [2]. Within
social norms literature, significant attention has been paid to prob-
lems in which individual and group welfare are in direct conflict a.
la. prisoners’ dilemma type social interactions. However, the role

of social norms has also been established in a more broader cate-
gory of social interactions beyond where the interest of collective
good is in direct opposition with individual incentives. Examples
of such interactions include a coordination problem and the type
of conflict that materialises as between the high-risk choice with
higher collective utility and the low-risk choice of lower collective
utility, as exemplified in a stag hunt game. We derive our opinion
exchange game from such type of interactions.

The dynamic of polarization in our model is due to the distortion
of descriptive beliefs in the community. A related work on distorted
beliefs is the recent work by Morsky and Ak¢ay [28], which ad-
dresses the role of false beliefs in sustaining cooperation. Similar to
our model, the paper models both micro-level individual behaviour
as a coordination game mediated by conditional conformance and
the population impact at the macro-level. However, there are two
key differences from our work. First, Morsky and Ak¢ay focus on
the problem of norm maintenance and, therefore, use a public goods
game as the interaction scenario. Whereas we model the interac-
tion process relevant to our problem through a game of opinion
exchange. However, there is commonality between the models with
respect to the coordination structure and descriptive norms. Second,
the aetiology of the belief distortion in Morsky and Akéay is exoge-
nous to the model and is modelled as specific biases of over- and
underestimation of the true level of cooperation in the population.
In our case, the origin of belief distortion is endogenous and follows
minimally from the agents following their optimal action in the
opinion expression game and incomplete observations.

Another related phenomenon in social psychology literature in
relation to belief distortion is false consensus effect (FCE), i.e., the
overestimation of one’s first-order belief about others’ opinions
due to egocentric bias [36]. FCE has been one of the most consis-
tently and well-established phenomena supported by experimental
evidence [29]. The connection of false consensus effect on social
norms has also been studied empirically and theoretically [6, 7, 40].
The main difference between our model and FCE models is that,



in FCE, the distortion in belief is correlated with the individual
opinion values. In comparison, belief distortion in our model is
independent of the individual opinion values, and descriptive belief
is common across all opinion values; therefore, in that respect the
resulting effect of polarisation is different from those that arise due
to FCE [24].

Spiral of silence is a widely discussed theory in communication
studies in which minority opinion holders’ fear of isolation drives
them into a self-reinforcing silence and thereby we observe the
absence of minority views from the population. The phenomenon
has seen growing interest in light of online opinion expression
and a meta-analysis of sixty-six studies by Matthes et al. [27] show
that the effect between opinion perception and expression that
contributes to a spiral is strong in online social systems. A closely
related work on the computational modelling of dynamics leading
to a spiral of silence is by Gaisbauer et al. [17]. Similar to our work,
Gaisbauer et al. build a microfoundation of opinion expression based
on a game-theoretic model with incentives to stay silent or express
opinion conditioned on the expression of other agents. However,
there are few key differences in the modelling constructs between
our model and the Gaisbauer et al. model. First, their model uses
a network structure and intensity of connection between agents
on that network to model the optimal action of agents to stay
silent or express opinion. In comparison, ours is a normative model,
where the optimal action is mediated by beliefs and opinion values
without reference to a specific network structure. Additionally,
we also develop a framework for mitigating the spiral using the
Bayesian persuasion framework as a contribution along with the
opinion expression model.

6 CONCLUSION

In this paper we make the case that information stewards (enti-
ties that hold a privileged position in online communities and can
broadcast normative signals about right and wrong) have an im-
portant role to play in the health of social communities and in
mitigating adverse phenomena, such as polarisation. We formulate
the role of the information steward as entities generating norma-
tive signals, and members of the community use those signals to
update their descriptive beliefs in a game of opinion exchange with
other community members. Our work highlights that there are two
countervailing forces on the steward; first, the fact that they are
selected from within the community imposes a constraint of how
much they can deviate from the descriptive belief of the popula-
tion, and second, whether the signals generated by the stewards
are optimal with respect to mitigating polarisation. Based on our
results, we show that the steward’s overall impact depends on how
these two forces play out, and that with some relaxation on how far
the steward can deviate from the descriptive belief combined with
an optimal policy, they can mitigate polarisation. In our view, the
computational models presented in the paper is valuable both for
regulatory analysis and as a guidance for policy design for online
social communities.
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8 APPENDIX

Proof of Eqn. 2: Each player i knows their own opinion, therefore,
their own type (0;), however, they are unaware of the type of the
other player (0-;). Player i playing as the row player can face
essentially two types of players. One who match their opinion (e.g.,
0; < 0.5and o—; < 0.5) or another type who doesn’t. We model
these two coarse types in the game since these two sets are the ones
that are relevant for the payoffs. Table 1 shows the payoff table
from the normal form strategies of the game with the row player
i’s strategies E and S, and column player’s strategies EE, SS, ES, EE,
where the first letter denotes the strategy of the type with matched
opinion and second letter denotes the strategy of the type who
doesn’t match the opinion. One can see that under the condition
b - ui(0i) > u, E is a strictly dominant strategy.

Constraining distribution. The probability density function of
the constraining distribution C is

1
\/ig exp_?(x_‘”h/z)z, ifx < p—(h/2)

C(x;ph0) = ‘/ig,

‘/%U expfﬁ(xﬂuih/z)z, ifx > p+(h/2)

1
1+h/\27o’

ifp—h/2<x<p+h/2

where ¢ =
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SE SS ES EE
b-ui(oi),b-u ui(0i),u | ui(0i),(1=>b) - u+b-u_;j(o—;) | b-ui(0i),b-u_i(o-;)
wh-u+(1-0b) u_j(o—;) | wu wb-u_j(o-;)+(1-b)-u wu_i(o_;)

Table 1: Payoff table for the opinion expression game.
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