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Abstract: This paper synthesises a recent research that includes opinion dynamics models and an experiment
suggested by the model results. The mathematical analysis establishes that the model’s emergent patterns
derive from biases in self-evaluation and in evaluation of others that should appear in quite general conditions.
The paper then focuses on the positive bias in self-evaluation identified in the model, which is shown to be
different from the one identified by psychologists. It describes a specifically designed experiment that detects
this yet unknown bias, in human subjects. The paper discusses the role of the model in this case, which is
revealing phenomena that are almost impossible to imagine without its simulations.
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Introduction

1.1 In the chapter of their review devoted to opinion dynamics, Castellano et al. (2009) present a gallery of models:
voter model (Ben-Naim et al. 1996; Sood & Redner 2005), majority rule model (Galam 2002; Krapivsky & Redner
2003), Sznajd model (Sznajd-Weron 2002), bounded confidence models (Hegselmann & Krause 2002; Deffuant
et al. 2000), Axelrod model (Axelrod 1997; Klemm et al. 2003), CODA model (Martins 2008). The review enumer-
ates the results of systematic simulations and theoretical approaches, generally inspired by statistical physics,
explaining the patterns observed in these simulations. By contrast, model fitting or deriving from empirical
data occupy a tiny part of the chapter, though Catellano et al. underline its interest and importance. In a more
recent review about opinion dynamics, Flache et al. (2017) also describe a series of models, for instance models
with negative influence (Jager & Amblard 2005; Mäs et al. 2010; Huet & Deffuant 2010) or argument based mod-
els (Mäs & Flache 2013) and also point out that few of them aim at reproducing empirically observed patterns
of opinion distributions.

1.2 The trend in opinion dynamics research seems therefore very robust. Despite regularly announced good inten-
tions to connect models more closely to empirical data, the core of the research activity remains inventing new
models or better understanding the patterns produced by old ones. These models themselves attract interest
when their dynamics relies on simple, reasonably justifiable, assumptions about opinion influence and when
the simulations produce patterns that are difficult or sometimes almost impossible to predict from the mere
knowledge of the interaction functions. In this case, understanding the process of pattern emergence becomes
a research question in itself and often a challenging one, which triggers the motivation of researchers.

1.3 We agree that the research about fitting models on data or deriving models from data poses interesting chal-
lenges (Deffuant et al. 2008, 2022a) and that he field should invest more efforts on them. However, we think
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important to value inventing and studying various theoretical models as well. Indeed, this line of research pro-
duces new knowledge about possible complex phenomena that could not be conceived without a deep under-
standing of pattern emergence. We think that each of these models provides specific conceptual tools that may
help perceive different facets of social complexity. In our view, the value of these achievements should clearly
be recognised.

1.4 Moreover, we would like to underline a potentiality offered by theoretical models which is rarely considered.
A theoretical model may suggest the existence of phenomena that are ignored in social sciences and that can
only be detected by new specific experiments. In this case, the model is similar to a theory in physics predicting
for instance the existence of a certain type of yet unknown particle, that is then experimentally confirmed. This
paper precisely aims at reporting an example of such a model revealing a yet unknown social phenomenon that
is then confirmed experimentally.

1.5 The model involves agents holding evaluations (called opinions in the original papers) about each other that
evolve through noisy pair interactions (Deffuant et al. 2018; Deffuant & Roubin 2022). The simulations show
rather unexpected emergent properties, which could be understood only with non-obvious approximations of
average dynamics of the opinions. Moreover, the analysis of this approximate model reveals the crucial influ-
ence of two emerging biases: a positive bias on self-evaluations and a negative bias on the evaluations of others.
The effect of these biases is quite small at each interaction, but the simulations suggest that it can add-up and
become very significant over time.

1.6 Moreover, the mechanisms inducing the biases, as revealed by the model, seem yet unknown in social sciences.
In particular, psychologists identify a well-known positive bias in self-evaluation, but its mechanism is very
different. Thus the next arising question is: can the bias revealed by the model be observed in experiments with
human subjects? Indeed, mathematically, the bias derives directly from general hypotheses relating influence
and self-evaluation that seem reasonable.

1.7 In order to check these hypotheses, we designed an online questionnaire that was filled by 1500 participants
(Deffuant et al. 2022b). The participants perform a simple task and then receive evaluations of their perfor-
mance and are asked to self-evaluate in reaction to these feedbacks. The results confirm the hypothesis made
in the model and the existence of the corresponding positive bias on self-evaluation.

1.8 This paper summarises the presentation of both the model and the experiment (their details can be found in
the specific papers) with the aim to highlight the connection between them and illustrate a general approach
that could be followed by others.

1.9 The rest of the paper is organised as follows. In the next section, we describe the opinion dynamics model and
we explain how biases in the evaluations are responsible for the emerging patterns. Then, we focus on the
positive bias in self-evaluation. We define it mathematically in a simplified case and describe the experiment
that confirms its existence. Finally, we discuss the whole approach in a broader perspective.

The Model Revealing Biases

2.1 This section summarises the paper that describes the model and its patterns in details (Deffuant & Roubin 2022).
The considered model is a simplified version of an earlier model (Deffuant et al. 2013). The original papers are in
the field of opinion dynamics and the term "opinion" is used while "attitude" or "evaluation" would be preferred
by psychologists or social-psychologists. In this paper, the experimental part refers mainly to the literature
in social sciences and uses the term "evaluation" coming from this field. We also used this term instead of
"opinion" in the description of the model in order to be consistent.

State and dynamics

2.2 The model includesNa agents. Each agent i ∈ {1, . . . , Na}holds an evaluationaij of each agent j ∈ {1, . . . , Na}
including themselves. The evaluations are real values between -1 and +1. In most simulations, at the initiali-
sation, all evaluations are set to 0: agents have a neutral evaluation of themselves and of all the others at the
beginning of the simulations.

2.3 Graphically, the agents’ evaluations can be represented as a matrix (see examples on Figure 1) in which row i,
with 1 ≤ i ≤ Na, represents the array of Na evaluations of agents j by agent i. Column j, with 1 ≤ j ≤ Na,
represents the evaluations of j by agents i. Positive evaluations are represented with red shades and negative
evaluations with blue shades. Lighter shades are used for evaluations of weak intensity (close to 0).
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2.4 The dynamics consists in repeating:
• choose randomly two distinct agents i and j;

• i and j interact: j influences i’s evaluations and i influences j’s evaluations.

2.5 In this interaction, i’s self-evaluation aii(t) is influenced by i’s perception aji(t)+θii(t) of the evaluation of i by
j. θii(t) is a number that is uniformly drawn between −δ and δ (δ being a parameter of the model). As a result
of this influence, aii(t) gets closer to i’s perception of aji(t). The modification of aii(t), denoted by ∆aii(t), is
ruled by the following equation:

∆aii(t) = hij(t)(aji(t)− aii(t) + θii(t)), (1)

2.6 Equation 1 expresses that the self-evaluation of agent i is influenced by i’s perception of j’s evaluation of i. The
noise represents the mistakes in the perception of other’s evaluations. Importantly, the average of this noise is
0.

2.7 The function of influence hij(t) is given by Equation 2, expressing that the more i perceives j as superior, the
higher is j’s influence on i.

hij(t) = h(aii(t)− aij(t)) =
1

1 + exp
(

aii(t)−aij(t)
σ

) . (2)

2.8 Similarly, the change of aji(t), the evaluation of i by j, is:

∆aji(t) = hji(t) (aii(t)− aji(t) + θji(t)) . (3)

where θji(t), is uniformly drawn between −δ and δ.
2.9 In this model, self-evaluations measure how well agents think they are perceived by others, with a greater

weight given to agents perceived as superior. This is in line with the hypothesis considering self-evaluation
as a sociometer (Leary et al. 2005).

2.10 When activating gossip, agents j and i influence their evaluations of k agents gp , p ∈ {1, . . . , k} drawn at
random such that gp ̸= i and gp ̸= j. The changes of i’s evaluation of agents gp are:

∆aigp(t) = hij(t)(ajgp(t)− aigp(t) + θigp(t)), for p ∈ {1, . . . , k}, (4)

where θigp(t) is uniformly drawn between −δ and δ. The changes of j’s evaluation of these agents follow the
same equations where j and i are inverted.

2.11 Overall, after the encounter between i and j, the evaluations of i by j and by i itself change as follows:

aii(t+ 1) = aii(t) + ∆aii(t), (5)
aji(t+ 1) = aji(t) + ∆aji(t). (6)

2.12 The evaluations of j by i and by j itself change similarly (inverting j and i in the equations). If there is gossip
(k > 0), k agents gp are randomly chosen with p ∈ {1, . . . , k}, gp ̸= i and gp ̸= j, and the evaluations of gp, for
p ∈ {1, . . . , k} change as follows:

aigp(t+ 1) = aigp(t) + ∆aigp(t), (7)
ajgp(t+ 1) = ajgp(t) + ∆ajgp(t). (8)

2.13 The evaluations are updated synchronously: at each encounter all the changes of evaluations are first com-
puted and then the evaluations are modified simultaneously.
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The main patterns

2.14 Figure 1 illustrates the main patterns of evolution of the evaluations.
2.15 Panels (a) and (c) illustrate the pattern obtained without gossip (k = 0). Panel (a) shows a typical opinion

matrix after a large number of iterations. In each column of the matrix, the evaluations are close to each other
and the differences between the columns are stronger than the differences of opinions within each column.
This is explained by the attractive dynamics which tends to align the evaluations about a given individual. Note
that most of the columns are red, indicating that the evaluations of most agents are positive. On panel (c)
the red curve shows the evolution of the average evaluation. The blue curves are the evolution of the agents’
reputations (the average evaluation of an agent). Starting from 0, the average evaluation increases and then
fluctuates around a significantly positive value (close to 0.5).

2.16 Panels (b) and (d), illustrate the pattern taking place when gossip is activated (in this case, k = 5). The matrix of
evaluations after a large number of interactions (panel b) shows numerous blue columns. On panel (d), the evo-
lution of the average evaluation (red curve) remains negative with significant fluctuations while the reputations
(blue curves) are more dispersed than without gossip, with a larger density in the low part of the evaluation axis.

2.17 As already noticed in Deffuant et al. (2018), these patterns are surprising because, at a first glance, the equations
do not privilege changing evaluations upward and the noise is symmetric around 0. Therefore, when starting
from all evaluations being 0, the average of the evaluations would be expected to remain 0 over time.

Figure 1: Typical patterns, with δ = 0.1 (noise), σ = 0.3 (influence function parameter) and Na = 40 agents.
Panels (a) and (b) show the matrix of evaluations after 1 million ×Na pair interactions. Panels (c) and (d) show
the evolution of the average evaluation (in red) and the evolution of the agent reputations (in blue, the reputa-
tion of agent i being the average of the evaluations of i by all the agents).

Biases appearing in equations of average evolution

2.18 The model average dynamics is analysed in (Deffuant & Roubin 2022) by deriving the evolution of the average
evaluations using a moment approximation and a first order approximation of the function of influence h. The
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key result is the following equation of the evolution the first order equilibrium opinion offset ei(t) of agent i, or
equilibrium evaluation for short. Indeed this evolution captures the common trend of all the evaluations of an
agent. The definition of ei(t) is the following:

ei(t) =
1

1 + Si(t)

xii(t) +
∑
j ̸=i

ĥij(t)

ĥji(t)
xji(t)

 , (9)

where xij(t) is the average of aij(t) − aij(0) over an infinite number of replicas of simulations from the same
initial conditions. Moreover:

ĥij(t) = h(aii(t)− aij(t))− h′(aii(t)− aij(t))(xii(t)− xij(t)), (10)

and:

Si(t) =
∑
j ̸=i

ĥij(t)

ĥji(t)
. (11)

The evolution of ei(t) over time is given by:

ei(t+ 1) = ei(t) +
2

Nc(1 + Si(t))

∑
i ̸=j

h′
ji(t)

(
xii(t).xji(t)− x2

ii(t) +
ĥij(t)

ĥji(t)

(
x2
ji(t)− xii(t).xji(t)

))
,

(12)

where Nc = Na(Na − 1).
2.19 At any time step t, ei(t) is the value to which all the evaluations about i would converge over time if the hij(t)

were frozen. More precisely, imagining that from a given time t0, for all t > t0 and for all (i, j) ∈ {1, . . . , Na},
hij(t) = hij(t0), then xji(t) for all j would converge to ei(t0) and remain at this value. Therefore, Equation 12
determines the second order effect applied to an evaluation which is at the equilibrium of the first order effects.
In the long run, this trend is common to all evaluations about i (see Deffuant & Roubin (2022)).

2.20 Moreover, the following terms appearing in Equation 12:

h′
ij(t)

(
xii(t).xji(t)− x2

ii(t)
)
, (13)

are positive as h′
ij(t) is assumed strictly negative. Therefore, the effect of these terms is to increase the evalu-

ations of i and their sum can be seen as a positive bias on self-evaluations. Similarly, the terms of 12:

h′
ij(t)

(
x2
ji(t)− xii(t).xji(t)

)
, (14)

are negative and tend to decrease the evaluations about agent i. They can be interpreted as negative biases
coming from the changes of evaluations of i by all the others.

2.21 The overall trend is thus expressed as a weighted sum of the positive bias on i’s self-evaluation and the negative
biases on the evaluations of i by all the others. The negative biases are multiplied by the factor ĥij(t)

ĥji(t)
, which is

high when aii < aij and ajj > aji. Therefore, when the agents are in a consensual hierarchy, these factors are
higher for agents i of low status. Hence, the evaluations about the agents of low status grow less (or even can
decrease) than the evaluations of the agents of high status.

2.22 When gossip is activated, a term of first order coming from gossip is added to the Equation of ei(t+1) but sim-
ulations show that the effect of this term is negligible. Therefore, like in the case without gossip, ei(t) provides
the common trend of the evolution of the evaluations of i. However, gossip modifies the negative bias on the
evaluation of others because the evaluations vary more strongly, which increases x2

ji(t+ 1) and consequently
the negative bias on xji in the following time steps.

2.23 When the agents are in a consensual hierarchy, the additional negative bias is stronger for agents of low status
(see details in Deffuant & Roubin 2022).
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Explanation of the patterns

2.24 In addition to the explanations that mathematical expressions can bring, the moment approximation provides
a means to explore the average behaviour of the agent based model, without running millions of simulations.
Such an exploration for 10 agents, when varying the width of the interval of initial self-opinions, reveals the
following features:

• The evaluations of the agents of high status (except the top status) by all the agents grow similarly, with
or without gossip, because these evaluations them are not much affected by the negative biases;

• The evaluations of agents of low status by all agents tend to grow only when the differences between low
and high status are small. Without gossip, this growth progressively decreases and even becomes close
to zero when the initial inequalities increase. Indeed, this increase of inequalities increases the weights
of the negative biases in their evaluations by others. With gossip, these opinions grow only when the in-
equalities are very low and then the opinions about low status agents start decreasing as the inequalities
increase, because the negative biases are increased by gossips.

The same explorations conducted with 20 and 40 agents yield similar results.
2.25 These observations explain the patterns presented in Section 2.13. Indeed, initially, in these patterns, all the

evaluations are the same, therefore, both with and without gossip, all the average evaluations tend to grow
together during a few thousand steps. However, because of the noise, more or less dispersion of the evaluations
takes place, introducing inequalities between agents:

• Without gossip, since all evaluations tend to grow at a similar pace, the inequalities remain moderate
for a while and all evaluations grow on average. When the inequalities reach a threshold though, the
evaluations of agents of low status by all agents grow more and more slowly or stagnate, while the eval-
uations of agents of high status by all agents fluctuate when reaching the opinion limit at +1. Overall, the
distribution of evaluations is therefore significantly positive on average;

• When there is gossip, because the evaluations of agents of low status by all agents grow much more slowly
than the evaluations of agents of high status, the inequalities of evaluations increase more rapidly and
easily reach a level in which the evaluations of the lowest status agent by all starts decreasing. This fur-
ther increases the inequalities, and the evaluations of agents of low status start decreasing, which further
increases the inequalities. Ultimately, when the inequalities are maximum, the evaluations of a major-
ity of agents by all agents tend to decrease. This explains why the distribution of evaluations becomes
negative on average.

2.26 Overall, our analysis reveals that the positive bias in the self-evaluations and a negative bias in the evaluation of
others are combined in a way that is detrimental to the agents of low status, when the inequalities are significant
and when there is gossip.

2.27 It seems therefore interesting to better understand the mechanisms behind the observed biases. In the follow-
ing, we focus on the positive bias in self-evaluation. In the next section, we try to express it in isolation and
in a simplified setting that seems more appropriate for designing an experiment. In the following section, we
describe the experiment.

Positive bias in self-evaluation from decreasing sensitivity

3.1 This section connects the bias on self-evaluation observed in the model with the literature in social-psychology.
It is adapted from Deffuant et al. (2022b). The first paragraph quickly reviews the literature in social psychol-
ogy about the positive bias in self-evaluation and shows that the bias in self-evaluation identified in the agent
model is completely different. Then, we propose a simple mathematical framework articulating the two types
of biases.

Positive bias in self-evaluation from self-enhancement (from social psychology)

3.2 Dunning et al. (2004) review numerous evidences that people tend to over-evaluate themselves. According to
this review, on average, people say that they are "above average" in skill, over-estimate the likelihood that they
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will engage in desirable behaviours and achieve favourable outcomes. They show overoptimism or overconfi-
dence in judgement and predictions, for instance about the duration of a romantic relationship (Epley & Dun-
ning 2000) or the ability to complete a task (Buehler et al. 1994) or about forecasting events in general (Fischhoff
et al. 1977; Dunning & Story 1991; Vallone et al. 1990; Griffin et al. 1990).

3.3 A general explanation of this positive bias is the self-enhancement motive, which is the drive to convince our-
selves, and any significant others in the vicinity, that we are intrinsically meritorious persons: worthwhile, at-
tractive, competent, lovable, and moral (Sedikides & Gregg 2003).

3.4 Self-enhancement manifests itself in a variety of processes (Sedikides & Gregg 2003). For instance, when peo-
ple describe events in which they were involved, they tend to attribute positive outcomes to themselves, but
negative outcomes to others or to circumstances, thus making it possible to claim credit for successes and to
disclaim responsibility for failures (Campbell & Sedikides 1999; Zuckerman 1979). People also tend to remem-
ber their strengths better than their weaknesses (Mischel et al. 1976; Skowronski et al. 1991). Where a threat
to ego cannot be easily ignored, people will spend time and energy trying to refute it. A familiar example is
the student who unthinkingly accepts a success to an examination but mindfully searches for reasons to reject
a failure (Ditto & Boardman 1995). Note that, in order to achieve self-deception, these processes should be at
least partially unconscious. Moreover, it seems that they activate various neural patterns, depending on the
type of threat to the ego (Beer 2014).

3.5 Overall, if we call feedback the positive or negative image of ourselves that we perceive as a consequence of
our behaviour in various events or situations, the self-enhancement motive drives us to seek out and accept
positive feedbacks and avoid or reject negative ones. As a result, on average, in our self-evaluation, negative
feedbacks tend to count less than positive ones, which leads to self-overestimation (Moreland & Sweeney 1984).

3.6 We can now come back to the bias in self-evaluation identified in the agent model and show that it is completely
different from the one identified by the psychologists.

Positive bias on self-evaluation from decreasing sensitivity (from agent model).

3.7 We now consider the agent model in a very simplified setting in order to ease the connection with the bias
from self-enhancement identified by psychologists. Indeed, we consider a single agent interacting with a single
source and we simplify the notation of the self-evaluation by dropping the subscript ii and this allows us to put
time t in subscript:

aii(t) → at. (15)

3.8 The agent’s perceived evaluation from a single source is called a feedback ft. Applying the previous model, we
get the following equation:

at+1 − at = h(at − s)(ft − at), (16)
where h is the same positive and decreasing function as previously and s is the evaluation of the agent about
the source which is assumed constant. In the following, for sake of simplicity we writeh(at) instead ofh(at−s).
Moreover, we assume as previously that function h is derivable, thus its derivative h′ is negative: h′(at) < 0 for
all at.

3.9 When removing the reference to s, Equation 16 can also address cases where the feedback does not come di-
rectly from another agent but is a general evaluation from the environment, like a failure or a success. In this
case, a justification for assuming that h decreases is that agents with a high self-evaluation tend to be more
confident and this makes them less prone to change their mind. The general hypothesis is that people having
a high self-evaluation are less easily influenced than people having a low self-evaluation.

3.10 The fact that function h is decreasing induces a general positive bias that we now define mathematically. As-
sume that the feedback is a random distribution of average a1, which is also the initial self-evaluation. The first
feedback is f1 = a1 + θ1, θ1 being randomly drawn from the distribution of average 0, and the self evaluation
after receiving this feedback is:

a2 = a1 + h(a1)θ1. (17)

3.11 Then, after the second feedback f2 = a2 + θ2, θ2 being randomly drawn from the distribution of average 0, the
self-evaluation a3 after receiving this feedback is:

a3 = a2 + h(a2)(a1 + θ2 − a2) (18)
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3.12 Assuming that θ1 is small, the sensitivity h(a2) at a2 can be approximated at the first order as:

h(a2) = h(a1) + h′(a1)h(a1)θ1. (19)

3.13 Replacing a2 by its value and h(a2) by this approximation yields:

a3 = a1 + h(a1)θ1 + (h(a1) + h′(a1)h(a1)θ1)(θ2 − h(a1)θ1), (20)
= a1 + h(a1)θ1 + h(a1)(θ2 − h(a1)θ1) + h′(a1)h(a1))(θ2θ1 − h(a1)θ

2
1). (21)

3.14 Because we assume the averages of θ1 and of θ2 are 0, the average a3 of a3 over all possible draws of θ1 and θ2
is:

a3 = a1 − h′(a1)h
2(a1)θ22. (22)

3.15 As we assume h′(a1) < 0, we always have:

−h′(a1)h
2(a1)θ22 > 0. (23)

3.16 This value defines the positive bias. The second evaluation a3 is on average higher than the average feedback
a1 because of this bias.

3.17 This result extends to longer series of feedbacks (Deffuant & Roubin 2022). The positive bias increases with the
length of the series to an asymptotic value, which remains of the second order (in θ2 ).

3.18 Equation 23 defining the bias after two steps, is the same as Equation 13 defining the bias in self-evaluation in
the agent model. Indeed, the term xi.xj in Equation 13 is null in this case and the remaining term x2

i is equal
to h2(θ1)θ22 . In both the simplified and the general cases, it is clear that the positive bias appears only when
h′ > 0. Therefore, the positive bias is a direct mathematical consequence of h decreasing.

3.19 Therefore, the mechanism generating this bias is completely different from the self-enhancement, explaining
the usual positive bias on self-evaluation. As far as we know, there is no mention of this mechanism in the
literature. Therefore, we now face the following question: is this bias only a theoretical artefact or can it be
detected when measuring real people’s self-evaluations?

Positive bias from decreasing sensitivity with alternating positive and negative feed-
backs

3.20 We now aim at checking experimentally the existence of the simplified version of the bias in self-evaluation
identified in the agent model. We face a difficult problem: if we directly derive the experiment from the previous
formulas, we need a huge number of random draws of feedbacks in order to get their average close to 0 and
get a chance to detect the bias. Indeed, the bias is expected to be of the second order of the noise parameter
δ, hence rather small. To overcome this difficulty, we consider particular series of feedbacks in which the bias
appears without averaging over many trials.

3.21 Let ft − at be the intensity of feedback ft. We say that a feedback is positive when its intensity is positive and
negative otherwise. We show now that the previous model generates a positive bias when receiving a series
of feedbacks of opposite intensities. We consider the simple example of an agent receiving two consecutive
feedbacks of opposite intensities ±δ.

3.22 Assume that the agent starts with self-evaluation a1 and receives first the positive feedback f1 = a1 + δ. Ap-
plying Equation 16, the self-evaluation of the agent becomes a2:

a2 = a1 + h(a1)δ. (24)

3.23 Then the agent receives the negative feedback f2 = a2 − δ and its self-evaluation a3 becomes:

a3 = a2 − h(a2)δ. (25)

3.24 The difference of self-evaluation between before and after receiving the couple of feedbacks is:

a3 − a1 = a1 + h(a1)δ − h(a2)δ − a1 = (h(a1)− h(a2))δ. (26)
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3.25 As we assume that at any time t,h(at) > 0, we havea1 < a2 and, ash is decreasing, we have: h(a1)−h(a2) > 0,
hence a3 − a1 > 0.

3.26 Now, if we invert the order of the feedbacks (f1 = a1 − δ and f2 = a2 + δ), we have:

a3 − a1 = (h(a2)− h(a1))δ. (27)

3.27 Now a2 < a1, therefore again, because h is decreasing a3 − a1 > 0. Therefore, after receiving two feedbacks
of opposite intensities, the self-evaluation tends to increase.

3.28 Developing h(a2) at the first order like previously, we can approximate the value of the bias:

h(a2) ≈ h(a1) + h′(a1)h(a1)δ, if f1 = a1 + δ; (28)
h(a2) ≈ h(a1)− h′(a1)h(a1)δ, if f1 = a1 − δ. (29)

3.29 Therefore, for both sequences of feedbacks we get:

S(a1) = a3 − a1 ≈ −h′(a1)h(a1)δ
2. (30)

3.30 With a series of feedbacks of opposite intensities, the positive bias appears directly, without requiring to av-
erage on a large number of trials. In an experiment, the participants processing such a series of feedbacks of
opposite intensities are expected to provide a noisy value of function h(a) for each self-evaluation a in the se-
ries. We expect to approximate the average value of h(a) and the related bias when computing them from data
collected on a sufficient number of participants.

Disentangling bias from sensitivity and bias from self-enhancement

3.31 As the literature suggests, we can expect that the participants in an experiment show a bias in self-evaluation
from self-enhancement together with a bias from decreasing sensitivity to feedbacks. We now articulate them
in a simple mathematical framework.

3.32 In our model, self-enhancement takes place when the sensitivityhp(at) to positive andhn(at) to negative feed-
backs are different:

at+1 − at = hp(at)δ, if ft = at + δ, (31)
at+1 − at = −hn(at)δ, if ft = at − δ. (32)

3.33 Considering feedbacks of intensity ±δ, the bias of self-enhancement E(a) at a given self-evaluation a can be
expressed as the difference between the reaction to the positive feedback fp = a + δ and the reaction to the
negative feedback fn = a− δ:

E(a) = (hp(a)− hn(a))δ. (33)

3.34 Now, assume that the agent’s self-evaluation is a1 and that the agent receives a positive and then a negative
feedback. Repeating the previous calculations, we get:

a2 = a1 + hp(a1)δ, (34)
a3 = a2 − hn(a2)δ. (35)

3.35 The total bias B(a1) from these successive feedbacks is:

B(a1) = a3 − a1 (36)
= (hp(a1)− hn(a1))δ − h′

n(a1)hp(a1)δ
2. (37)

3.36 We recognise the self-enhancement bias (Equation 33) in the first term and the bias from decreasing sensitivity
(Equation 30) in the second term. For this sequence of feedbacks, the bias from decreasing sensitivity is thus:

S(a1) = −h′
n(a1)hp(a1)δ

2. (38)
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3.37 This value is positive when h′
n(a1) is negative and we have:

B(a1) = E(a1) + S(a1). (39)

3.38 Moreover, if we have a series of 2 positive and 2 negative feedbacks in a random order (as it will be the case in
the experiment), the average bias from decreasing sensitivity is:

S(a) =
1

4

(
−h′

n(a)hp(a)− h′
p(a)hn(a)− h′

p(a)hp(a)− h′
n(a)hn(a)

)
δ2, (40)

S(a) = −h′
m(a)hm(a)δ2, (41)

3.39 where hm is the average of hp and hn: hm(a) = 1
2 (hp(a) + hn(a)). In the following experiments, we derive ap-

proximate values of functions hn and hp by performing linear regressions on data collected on several partici-
pants, then we evaluate the biases from self-enhancement and decreasing sensitivity using the above formulas,
and finally we compute the average biases in the set.

Experiment

Design

4.1 The experiment design has been approved by the committee of ethics from Clermont Auvergne Université (ref-
erence number IRB00011540-2020-39). The participants live in France and were recruited online by a specialised
company which verifies that they are not bots. The participants receive a series of 4 feedbacks, two positive,
two negative, of same intensity in absolute value, starting from different self-evaluations. The main objective is
to collect data about the sensitivities to feedbacks (functionsh,hp andhn in the model) and measure the differ-
ent biases for all participants, and in sets of participants reporting different levels of trust. In order to evaluate
the variability of the measures in the different sets, we computed the mean and the standard deviation of these
measures of bias over 200 bootstrap samples of these sets.

Online questionnaire

4.2 The questionnaire includes the following steps:
• The participants are requested to assess the size of the coloured surface in the 3 different 2D images. An

example of image is shown on Figure 2.

• The participants are told that the experimenters can compute exactly their error of surface assessment
on these three images and can do the same for a large number of other people who already performed
the task. Moreover, the participants are told that the experimenters gathered the errors (G0 to G5) from
6 groups of randomly chosen 100 people and that the error of the participant will be compared to the
errors of these groups. An example of such an evaluation is: "you did better than 75 % of the group".

• The participants are told their evaluation f0 in group G0. Then they are asked their expected evaluation
a1 in group G1. This first self-evaluation a1 is the starting point of the series of alternating feedbacks.

• The participants are asked their expected evaluation a2 in group G2. They are requested to express this
self-evaluation between their previous expectationa1 and the feedbackf1 that they just received. Indeed,
the literature (e.g., Hovland & Sherif 1980) and several pilot experiments that we made (not-reported here)
suggest that this assumption holds in a large majority of cases. Therefore, the constraint on the self-
evaluation is primarily a means to limit the noise in the results. Moreover, the way in which the sensitivity
changes within the bounds, when the self-evaluation varies, is our main subject of investigation and it is
not constrained.

• The same process is repeated again three times, with feedbacks f2, f3 and f4 that are presented as the
evaluation of the participant in groups G2, G3 and G4, and requesting the participant’s expected evalu-
ations a3, a4 and a5 in groups G3, G4 and G5 (interpreted as successive self-evaluations). Actually, each
time, the feedbacks are computed as:

ft = at ± δ, (42)
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where at is the expected evaluation of the participant in group Gt given the last feedback ft−1 which is
(allegedly) their evaluation in group Gt−1. δ ≈ 13 in the experiment (see details in the paper).

• Finally, the participants are asked if they believed that the feedbacks were really the evaluation of their
error with respect of the errors from real groups of 100 persons or if they believed that these feedbacks
were manipulated by the experimenters. The participants are requested to rate their belief between 0
(the feedbacks are fake) to 10 (the feedbacks are real). In the following, we call this answer: "trust in
feedback" or sometimes simply "trust" of the participant.

Figure 2: Schema of the experiment. The participant assesses the part of surface in green in images like the one
on the top left of the figure. Then, the participants express their expectation of evaluation of their performance
with respect to random sets of people who (allegedly) already performed the task. The feedbacks are allegedly
these evaluations. They are actually automatically defined by the system.

4.3 The sequence of positive and negative feedbacks is chosen at random in the six possible sequences that contain
two positive and two negative feedbacks (see Table 1). However, in some cases, when the self-evaluation at is
close to the limit 1 or 100, the chosen feedback would leave the [1,100] interval. In these cases, the feedback
is truncated in order to remain in [1,100]. This might lead to some sequences where the positive and negative
feedbacks are not balanced. We removed these sequences from the treated results.

f1 f2 f3 f4
+ + - -
+ - + -
+ - - +
- + + -
- + - +
- - + +

Table 1: The 6 possible sequences of 4 feedbacks.

4.4 Finally, the experiment also includes a questionnaire evaluating the self-esteem of the participants using Rosen-
berg’s scale (Vallières & Vallerand 1990).
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Results

4.5 The experiment involves 1509 participants (803 females, 706 males, age between 17 and 79). We removed 141
participants because their series of self-evaluations got too close to 0 or 100 and we could not apply the planned
feedback. In total, after these exclusions the data set includes 5472 triples (ait, f i

t , a
i
t+1) for 1368 participants

(729 women and 639 men, mean age: 36.8 years). The data of the experiment and all the results are available at:
https://github.com/guillaumeDeffuant/sensitivityBias. We focus here only on the most important
ones and omit all the details.

4.6 The collected data allow us to compute approximations of the functions of sensitivity hp to positive feedbacks,
hn to negative feedbacks andh to all feedbacks. These approximate function are the results of linear regressions
taking the self-evaluation change |at+1−at|

δ as output variable and the evaluation at

100 as predictor variable.
4.7 More precisely, from a given data set of triples (ait, f i

t , a
i
t+1), the following linear model approximates the sen-

sitivity to feedbacks h:

|ait+1 − ait|
δ

≈ c
ait
100

+ b ≈ h(ait). (43)

The sign of slope c, indicates if the sensitivity is increasing or decreasing. Similarly, we compute linear approx-
imations of the the sensitivity to positive or to negative feedbacks These linear functions are used to compute
the measures of the bias from sensitivity according to Equation 41.

4.8 We compute the regressions and the biases when mixing triples (ait, f i
t , a

i
t+1) from different participants and

several time steps. The details of the results (not reported here) suggest that the self-evaluation change at the
fourth time step is less reliable probably because the participants loose attention after several repetitions of
the same process. Therefore, we focus on mixing times steps 1, 2 and 3. Table 2 shows the value of the slope c
of the sensitivity to feedbacks and the bias from sensitivity to feedback computed with Equation 41. In order
to assess the reliability of this measure, we computed its mean and the standard over 200 bootstrap samples.
This table also shows the number N of triples (ait, f i

t , a
i
t+1) in each set.

Trust N c S mean S std dev
0 ≤ T ≤ 10 4104 −0.09∗∗∗ 0.59 0.17

T ≤ 6 2484 −0.07∗ 0.44 0.2
T ≥ 7 1620 −0.13∗∗∗ 0.94 0.28
T ≥ 8 1251 −0.15∗∗∗ 1.13 0.31
T ≥ 9 843 −0.18∗∗∗ 1.37 0.37

Table 2: Slope of linear approximation of the sensitivity to feedback c and bias from sensitivity S measured
as a percentage of the feedback intensity δ. The computations are performed for the time steps t ∈ {1, 2, 3}
and the mean and standard deviation (std dev) are computed on 200 bootstrap samples. N is the number of
triples (ait, f i

t , a
i
t+1) in the set. The codes of significance correspond to the usual intervals of p-value pv (*** :

pv ∈ [0, 0.001], ** : pv ∈ (0.001, 0.01], * : pv ∈ (0.01, 0.05]).

4.9 In all cases, the value of the slope c is significantly negative, with an increasing amplitude when trust in the
feedback increases. Overall these results confirm our main hypothesis that sensitivity to feedback decreases
when self-evaluation increases. The confirmation is particularly clear in sets of participants reporting a high
trust.

4.10 Moreover, the results of the bootstrap on the measure of the bias from sensitivity to feedback confirm that this
decrease of the sensitivity induces a detectable positive bias in all the considered sets. The bias is stronger in
sets of participants reporting a high trust, where it is around 1 % of the feedback intensity. This means that the
average increase of the self-evaluation is about 1 % of the feedback intensity at each interaction.

4.11 This value is small, which explains why it has been overlooked up to now. This was expected, as it is of second
order of the feedback intensity. However, the model suggests that these small changes could add-up over time
at each interactions and finally be responsible for a much bigger distortion of self-evaluation.

Discussion

5.1 Our main objective in this paper is to show an example of opinion dynamics model suggesting an experiment
that confirms the existence of yet undetected phenomenon. Moreover, this phenomenon would most probably
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never have been imagined without the theoretical analysis of the model. Indeed, the biases were identified in
the model because their effects were easily observed in long lasting simulations, involving millions of virtual
interactions. We could then detect their much smaller effect, which we had initially overlooked, on a single time
step. Then understanding these observations required a significant effort of mathematical analysis.

5.2 In particular, the model reveals a positive bias in self-evaluation induced by a decreasing sensitivity to feedback.
It seems almost impossible to observe this bias in real life without looking for it with specific treatments of data
from a specifically designed experiment.

5.3 The paper describes such an experiment and the corresponding data treatments. The main results confirm
that sensitivities to feedbacks decrease when the self-evaluation increases, because the slopes of the regres-
sions approaching the functions of sensitivity are significantly negative. As expected, the treatments yield a
significant positive bias from sensitivity. In sets of participants reporting a high value of trust, which better
correspond to the theoretical assumptions, the bias is around 1% of the feedback intensity with a bootstrap
standard deviation around 0.3.

5.4 This relatively small value explains the difficulty to detect this bias. Moreover, this effect is generally combined
with the self-enhancement which tends to be higher (Deffuant et al. 2022b). Nevertheless, the long term simula-
tions suggest that, in certain conditions, adding the small impact of the bias overtime can lead to very significant
effects.

5.5 Moreover, the opinion dynamics model suggests other experiments. Firstly, we also observed a negative bias
on the evaluation of others in the simulations, which is also due to the decreasing sensitivity to the feedbacks.
Again, this negative bias seems absent from the literature in social sciences. We are currently designing experi-
ments in order to detect it. Secondly, the analysis of the model dynamics shows that the positive and the nega-
tive biases combine each other with different weights depending on the position of the agents in the evaluation
hierarchy: for agents located high in the hierarchy, the positive bias dominates and the average evaluation of
these agents tends to increase. On the contrary, for agents situated low in the hierarchy, especially when there
is gossip, the negative bias tends to dominate and the average evaluation of these agents tends to decrease. In
our view, designing experiments checking these model predictions is another exciting scientific challenge.

5.6 The experimental research suggested by the model is thus at its beginning and it may be risky to draw gen-
eral lessons at such an early stage. However, it seems safe to say that the specific added value from agent or
opinion dynamics models, compared with more standard modelling approaches, is to reveal various mecha-
nisms inducing the emergence of unexpected properties. Generally, understanding these mechanisms requires
a significant theoretical effort. This makes them almost impossible to identify in social data that are not specif-
ically collected with the aim to detect them. Therefore, it is necessary to design specific experiments in order
to check the existence of mechanisms, or properties, identified in the model. Overall, it seems very likely that
other models could also reveal yet undetected social phenomena, that are later confirmed experimentally.

5.7 An important condition is that researchers keep this approach in mind as a possibility. Indeed, it seems to
us that, when relating models to data, the unquestioned mindset is to derive models from or to fit models
on existing data. This approach is conform to the dominant view that models should fit reality. We do agree
that this standard view is interesting and can produce good research. However, science also often progresses
differently: it builds a new reality from new concepts and new experiments.
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