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Since the early days of psychology, practitioners have recognised
that metacognition - or the act of thinking about one’s own thinking
- is intertwined with our experience of the world. In the last decade,
scientists have started to understand metacognitive signals, like judg-
ments of confidence, as precise mathematical constructs. Confidence
can be conceived of as an internal estimate of the probability of being
correct. As such, confidence influences both advice seeking and advice
taking while allowing people to optimally combine their views for joint
action and group coordination.

This work begins by exploring the idea that confidence judgments
are important for monitoring not only uncertainty associated with one’s
performance but also, thanks to their positive covariation with accu-
racy, the reliability of social advisers, particularly when objective cri-
teria are not available. I present data showing that, when adviser and
advisee’s judgments are independent, people are able to detect subtle
variations in advice information, irrespective of feedback presence. I
also show that, when such independence is broken, the use of subjective
confidence to track others’ reliability leads to systematic deviations.

I then proceed to explore the differences existing between static and
dynamic social information exchange. Traditionally, social and organi-
sational psychology have investigated one-step unidirectional informa-
tion systems, but many real-life interactions happen on a continuous
time-scale, where social exchanges are recursive and dynamic. I present
results indicating that the dynamics of social information exchange (re-
cursive vs. one-step) affect individual opinions over and above the
information that is communicated. Overall, my results suggest a bidi-
rectional involvement of confidence in social inference and information
exchange, and highlight the limits of the mechanisms underlying it.
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Introduction

‘Don’t you think if I were wrong I’d know it?’

– Sheldon Cooper

Chapter Abstract

The two overarching themes of this thesis are (1) describing the bidirectional relation

between metacognition and the social world and (2) understanding social information

sharing during decision making. In this Chapter I will provide an overview of the

literature on metacognition, underlining the fact that metacognitive phenomena have

been described in very distant realms of psychology, and I will present confidence

judgments in perceptual decisions as a working case for the present work. I will

stress the idea that confidence is better described as a dynamic information process,

rather than a static read-out of evidence. I will then discuss the literature on group

decision making and show how its modern development puts it in close proximity to

research on metacognition. I next introduce the two lines of experiments presented

in this thesis, the first one investigating how we learn about the reliability of social

information and the second one investigating the differences existing between static

and dynamic sharing of information. I will conclude by describing the scope of this

work and outlining its development across the chapters.

1
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Confidence: An Example of Metacognition

Preamble. A search on Google of the word “confidence” outputs a comprehensive

list of websites that promise to boost your success in life. Pages like “How to Fake

It When You’re Not Feeling Confident”, “Building Self-Confidence - Stress Manage-

ment Skills from Mind Tools” and “Confidence Coaching to Build Self-Esteem &

Self-Belief” inform you that “Confidence gives you the power to conquer the world”1.

At first glance, this aspect of confidence seems to be detached from anything related

to the cognitive sciences, where confidence has a completely different meaning, in

terms of inverse uncertainty about internal state variables or subjectively estimated

probability of a correct decision. However, such dissociation raises the question in

the scholar’s mind of why the popular interpretation of confidence has been linked

with life success and well-being. The research presented in this thesis hopes to show

the reader that confidence is indeed intertwined with the way we learn from our ex-

periences in everyday life and how we act in our social world. And perhaps, the next

time, the popular interpretation of confidence will be less surprising.

Work overview. In this thesis, I explore the role of confidence in social infor-

mation sharing, in which I study how people share and use information from other

agents in simple, carefully controlled perceptual decisions, and contrast these be-

haviours with the predictions of normative probabilistic frameworks of the decision

process. In this Introduction, I first discuss empirical and theoretical work that char-

acterises confidence as a subjective estimate of accuracy. I then review studies from

organizational psychology looking at advice taking behaviour, which typically used

general knowledge tasks. I then discuss studies of group decision making looking at

how groups of individuals can operate as powerful information aggregation systems.

1quote from: www.inc.com/peter-economy/5-powerful-ways-to-boost-your-confidence

.html

www.inc.com/peter-economy/5-powerful-ways-to-boost-your-confidence.html
www.inc.com/peter-economy/5-powerful-ways-to-boost-your-confidence.html
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I then outline the work reported in this thesis, which synthesises these approaches

in carefully-controlled perceptual decision making paradigms by: (1) manipulating

advice characteristics (including the presence or absence of feedback) and measur-

ing the impact of these on explicit and implicit measures of trust; (2) manipulating

the dynamics of information sharing between individuals, thus isolating the effect of

communication means from communication content.

Metacognition

When living our daily life, a sense of confidence often accompanies our decisions.

When deciding whether to bring an umbrella to work, our decision is informed by

how sure or unsure we are about the possibility of rain. This sense of certainty or

uncertainty called confidence belongs to a class of cognitive phenomena that usually

goes under the general term of metacognition. The first use of the term is attributed

to John Flavell, who within the context of learning defines it as “knowledge and cog-

nition about cognitive phenomena” (Flavell, 1979, p.906). Thus, any act of thinking

(conscious or unconscious) that has as its object one’s thinking itself can be ascribed

to metacognition.

In cognitive science, confidence refers to one of the three main metrics characteris-

ing a decision, together with judgment accuracy and reaction times (Peirce & Jastrow,

1884). Although confidence has not traditionally received the same attention given

to its two siblings, the past ten years have seen a steady resurgence of interest, and

confidence studies have grown in number.

Several different flavours

Metacognitive constructs have been investigated in multiple fields within psychology,

each using different methods and often different terminologies. Within psychology of

learning, Flavell found that older students could accurately tell when they had learnt

a list of names. On the contrary, younger students’ perception of their learning was
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uncorrelated with their objectively measured performance in a recall task. Several

other disciplines have made extensive use of self-assessing judgments that can be in-

terpreted as metacognitive processes. For example, studies on conscious perception

have primarily used self reports to measure visual awareness (Persaud, McLeod, &

Cowey, 2007; Ramsoy & Overgaard, 2004; Sandberg, Timmermans, Overgaard, &

Cleeremans, 2010) and the distinction between perceptual awareness and metacogni-

tion is still under debate (Charles, Van Opstal, Marti, & Dehaene, 2013; Dehaene,

Charles, King, & Marti, 2014; Rausch & Zehetleitner, 2016; Seth, 2008). In social

and organizational psychology, researchers have investigated the role of confidence

in leadership and influence within a group. Decision makers were found to be more

willing to accept advice from a confident source even if this did not scale with objec-

tive accuracy (Price & Stone, 2004; Sniezek & Van Swol, 2001). Zarnoth and Sniezek

(1997) found that confidence drove influence and predicted accuracy only on tasks

where a correct solution could be objectively demonstrated. Meanwhile, results from

forensic psychology showed that confident testimony is usually more influential on

juries’ verdicts (Penrod & Cutler, 1995). Tenney, MacCoun, Spellman, and Hastie

(2007) however showed that confident but uncalibrated advisers quickly lost the trust

of the jury once their accuracy was proved to be unrelated to their confidence (see

also Tenney, Spellman, & Maccoun, 2008).

In the 1990s, the debate generated from the discovery of cognitive biases touched

on confidence judgments as well. Gigerenzer, Hoffrage, and Kleinbölting (1991)

showed that judgments of confidence come about from a host of circumstantial in-

formation that is often not strictly task-relevant, but emerges from the interaction

of proximal cues that are learnt to co-vary with the measure of interest (Gigerenzer,

2008). For example, if participants are asked to compare the population of two cities

they tend to use auxiliary information like whether the city has a football team or

not, and base their confidence on the perceived or experienced reliability of those



1.1 Confidence: An Example of Metacognition 5

cues (Pescetelli, Rees, & Bahrami, 2016). Although such contextual cues offer a

fast-and-frugal useful heuristic, they can also lead to overconfident mistakes.

More recently, research in perceptual decision-making has gained interest in metacog-

nition (Bach & Dolan, 2012). Here, the last decade has produced important contribu-

tions for the development of a general theory of metacognition. Precise computational

models (Pleskac & Busemeyer, 2010; Vickers, 1979) as well as theories about its neu-

ral implementation (Fleming & Dolan, 2012; Fleming, Huijgen, & Dolan, 2012; Kiani

& Shadlen, 2009) have resulted in quantitative descriptions of the mechanisms of

confidence formation, as described below.

Finally, metacognitive processes have been investigated also in non-human animals

where a host of paradigms have been developed to allow the study of metacognitive

representations using purely behavioural measures instead of verbal reports (Kepecs

& Mainen, 2012; J. D. Smith, Couchman, & Beran, 2012). Common methods include

(1) adding of an opt-out option to avoid a punishment or to get a smaller but sure

reward (Kepecs & Mainen, 2012; Kiani & Shadlen, 2009); (2) using post-decision

wagering techniques (Persaud et al., 2007); and (3) measuring the willingness to wait

for a reward instead of initiating a new trial (Kepecs, Uchida, Zariwala, & Mainen,

2008). Evidence exists indicating that several species - including rats, rhesus monkeys

and dolphins - might be able to engage in metacognitive processes, although the topic

remains a matter of debate (Le Pelley, 2012).

Two main observations emerge from the extreme diversity of fields that have

made use of metacognitive judgments. First, the sheer number of disciplines that

touch upon this topic suggests that metacognitive processes might be at play in a

wide range of tasks and species. Second, this very diversity of disciplines should

also warn researchers to be aware of differences when trying to use a common lan-

guage. Comparing results together is often made more difficult by the use of diverse

tasks, measures and experimental conditions. A challenging task is to understand
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whether this diversity is generated by similar cognitive functions and whether similar

mechanisms can explain it.

Properties of Confidence

Notwithstanding the diversity of psychological research areas that have investigated

confidence and metacognitive phenomena, common properties are observed. An im-

portant feature of confidence, often reported in several domains, is its co-variation

with accuracy within each individual (Roediger III, Wixted, & Desoto, 2012), a rela-

tionship called “calibration”. If you think about your own decisions, you will notice

that you are more likely to be right when you are confident than when unsure. Math-

ematically, calibration measures how well confidence judgments linearly scale with

actual performance (Fleming & Lau, 2014). We will see later how calibration makes

confidence important in both learning and social interactions. At the same time, it

makes confidence difficult to disentangle from measures of performance itself, because

any effect of interest attributed to confidence could also be due to differences in accu-

racy. In §How to Measure Confidence I will describe methods used to deal with this

issue.

Although confidence calibration is positive within participants, it also varies con-

siderably across individuals (Ais, Zylberberg, Barttfeld, & Sigman, 2016; Kruger &

Dunning, 1999; Song et al., 2011), such that some people systematically are over-

or under-confident with respect to their real underlying accuracy. On top of that,

the degree to which people are over- or under-confident depends on task difficulty,

a phenomenon termed “the hard-easy effect” (Gigerenzer et al., 1991): people are

typically found to be under-confident when the task is easy and over-confident when

the task is difficult. Similar effects are common in different research areas (Koriat,

2012a; Pleskac & Busemeyer, 2010) raising the possibility of common mechanisms.
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Common principles and mechanisms

A general theory of metacognitive judgments is still missing, but attempts in this di-

rection have been made by several authors. For example, Koriat (2012a) suggested a

self-consistency model to explain confidence and confidence calibration results in the

general knowledge and memory domains as well as in perceptual comparison tasks.

According to this proposal, confidence emerges from sampling different pieces of evi-

dence from memory and evaluating the agreement between different samples. Another

influential framework was proposed by Nelson and Narens (1990), who framed dif-

ferent results from metamemory research in terms of the interplay between control

and monitoring processes. Applying a similar logic, Yeung and Summerfield (2012)

suggested that the error-monitoring literature (Rabbitt, 1966) and decision-making

confidence literature (Vickers, 1979) can both be interpreted as a continuous process

of uncertainty monitoring acting also after a decision is made. In the confidence

judgments literature, an integrative account of confidence judgments in perceptual

tasks has been offered by Pleskac and Busemeyer (2010), who showed how appropri-

ately modified accumulation of evidence models (e.g., drift diffusion models reviewed

below) can explain different results in the confidence literature, including changes of

mind, lower confidence in error than correct, post-decisional processes and reaction

times. Finally, Fleming, Dolan, and Frith (2012) recently suggested a descriptive tax-

onomy of research on metacognition, where individual studies can be classified along

three relevant dimensions, in terms of conscious access, type of behaviour (first vs.

second order) and type of representation (object- vs. meta-level).

In the rest of the present work, I will refer to confidence as the estimated subjective

probability of having selected the correct answer. I will use the term belief and

opinion interchangeably and interpret them as a probability distribution over possible

outcomes or responses. In binary choices (e.g. 2-alternatives forced-choice tasks),

such distributions can be thought of as a discrete probability distribution over two
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alternative outcomes with probability p and 1− p. This definition offers an easy and

direct way to use subjective confidence reports in formal models of social interaction.

I will not make any strong claim about how these estimates are generated internally,

but I will provide below a synthesis of current models attempting to do so. My aims

in doing so here is to clarify how confidence can be thought of as a mathematically

tractable variable that carries information about the state of external variables.

Confidence in Decision Making

Models of Confidence

In this section I will describe the three main models of decision confidence that exist

in the literature: Signal Detection theoretic models (SDT), Drift Diffusion models

(DDM) and Bayesian models. They provide a useful reference to place the present

work in context and interpret its results, through formalising the notion that confi-

dence judgments are a subjective evaluation of the probability that a given choice is

correct.

Signal Detection models. Signal Detection theory is a well developed framework

to describe the process underlying correct responses and errors in traditional 2AFC

tasks (Green & Swets, 1966; Macmillan & Creelman, 2005). It is a special case of

Bayesian decision theory (Lau, 2008), where the information a decision is based upon

is represented as two partially overlapping distributions over evidence x underpinning

a decision (which is usually, but not always, a decision about a perceptual stimulus);

the two distributions can represent signal and noise (detection tasks) or two different

signals (discrimination tasks). A decision criterion c can be arbitrarily set to separate

two portions over x. For example, in a detection task, evidence falling on the left of c

would favour decision A “The evidence comes from the noise distribution”, otherwise

decision B “The evidence comes from the signal distribution”. According to Bayesian

decision theory (Macmillan & Creelman, 2005), a discriminability measure called d′
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can be determined that is proportional to the strength of the signal (µ) but inversely

so to its uncertainty (σ):

d′ =
µS − µN√
1
2
(σ2

S + σ2
N)

(1.1)

where S and N represent the signal and the noise distributions respectively, in

a detection task (Figure 1.1). An intuitive representation of confidence within this

framework is the distance from the decision boundary c that the evidence falls on

a particular trial. Thus, when the observed evidence falls far below the decision

boundary, one can be confident that the signal is absent; correspondingly, when the

observed evidence falls well above the boundary, one can be confident that the signal

is present. For a binary confidence scale (e.g. Sure vs. Unsure), we can add two

more arbitrary boundaries ±θconfidence on either side of c so that: if |x| < |θconfidence|,

then express low confidence, otherwise express high confidence (Figure 1.1). This

framework naturally creates a factorial combination of decision type (present/absent)

and confidence (high /low). Conservativeness in reporting high confidence is in this

model manipulated by increasing the distance between the decision boundary and the

confidence boundary.

Figure 1.1: Signal detection model of confidence in a binary response task with binary
confidence levels.

Multiple confidence levels can similarly be formalised in terms of setting additional

confidence thresholds, such that thresholds that are further away from the criterion c
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generate higher confidence levels. The model nicely accounts for the fact that errors

are characterised by lower confidence levels - because it is less likely for an error

to reach the confidence boundary - and that better discrimination generates higher

confidence - because the two distributions are now shifted away from one another.

Signal detection models of confidence have been used to characterise phenomena like

blindsight (Ko & Lau, 2012). Notice that in this instance of the model, confidence is

generated from the same signal generating the first order decision (Fleming, Dolan,

& Frith, 2012). Galvin, Podd, Drga, and Whitmore (2003) expanded this to include

meta-level representations by using distributions derived from first-order decisions

instead of the first order signal and noise distributions. Notwithstanding their appeal,

SDT models have the disadvantage of characterising the decision process as a static

read-out of perceptual (object-level) or metacognitive (meta-level) signals (Yeung &

Summerfield, 2012). Thus, dynamic components of a decision - e.g. reaction times,

changes of mind, belief updating and uncertainty monitoring - cannot readily be

incorporated.

Evidence accumulation models. A different approach is taken by evidence ac-

cumulation models. This class of models describe decisions as dynamic processes of

evidence accumulation over time (see Pleskac & Busemeyer, 2010, for a detailed re-

view). In a perceptual task, evidence accumulation can be thought of as sequential

sampling from a sensory stimulus. For example, in a “balance of evidence” model

(Vickers, 1979), evidence is accumulated separately for the two response options (e.g.,

the two distributions in Figure 1.1), thus effectively being equivalent to a continuous-

time version of the SDT model. This accumulation process creates a random walk

of two decision variables representing the evidence favouring each response. At every

time point, each decision variable is updated with a new sample. The process contin-

ues until one of two variables hit the boundary θ, thus triggering the corresponding

response (Figure 1.2, panel A). The strength of the evidence is represented by the rate
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of accumulation, the drift rate δ, for each accumulator in the race. Greater drift rates

generate shorter reaction times as the boundary is reached more rapidly. Confidence

can be defined as the difference in the amount of accumulated evidence between the

chosen and unchosen options (∆ε) at the moment that the first decision variable hits

the decision boundary.

A related and perhaps more influential model of decision making is the drift diffu-

sion model (DDM), where only one decision variable is accumulated representing the

difference between two alternative options (Figure 1.2, panel B). The advantage of

this model is that it can be thought of as an implementation of the sequential proba-

bility ratio test (SPRT) and alternative models of 2AFC decisions can be reduced to

it (Bogacz, Brown, Moehlis, Holmes, & Cohen, 2006; P. L. Smith & Vickers, 1988).

This model correctly accounts for properties of RTs such as distribution skewness and

correct responses-errors asymmetry. However, confidence in the drift diffusion model

is more difficult to define as the term ∆ε is missing. Nevertheless, different cues have

been proposed that could contribute to generate a confidence signal, including the

time to hit boundary θ (or a mixture of evidence and decision time (Kiani, Corthell,

& Shadlen, 2014)), the number of vacillations (Audley, 1960), and signal strength

and variability (Boldt, de Gardelle, & Yeung, 2017). Evidence from neural recordings

in monkeys and rodents (Kepecs et al., 2008; Kiani & Shadlen, 2009) suggested that

confidence represents an interaction between drift rate δ and boundary θ, namely

weighing the quality of the evidence by its quantity (Yeung & Summerfield, 2012).

In these experiments, neurons in lateral intraparietal and orbito-frontal cortices ex-

hibited firing rates consistent with an accumulation to bound process. Furthermore,

firing rate was reduced in opt-out trials, supposedly when the animal recognised its

own uncertainty.

Notwithstanding the success of these accounts, some authors (Pleskac & Buse-

meyer, 2010; Yeung & Summerfield, 2012) have argued that any model that describes

confidence as generated at the moment of the decision (“decisional locus” models)
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Figure 1.2: Two evidence accumulation models: A) Balance of evidence model. Figure
adapted from (Kepecs & Mainen, 2012); B) Drift diffusion model of decision. Figure
adapted from Yeung and Summerfield (2012).

cannot explain for the fact that confidence in correct answers is usually higher than

for errors and that changes of mind often occur after a decision is initiated (particu-

larly after incorrect decisions). To account for these phenomena, it has been suggested

(Pleskac & Busemeyer, 2010) that the accumulation process must continue until the

confidence judgment is given (“post-decisional locus” models). Indeed, recent ev-

idence from behavioural and brain imaging studies has provided clear support for

post-decisional view of evidence accumulation (Moran, Teodorescu, & Usher, 2015;

Pleskac & Busemeyer, 2010; Yu, Pleskac, & Zeigenfuse, 2015, Charles & Yeung in

prep.), although the debate is still ongoing about what quantity is being accumulated

(Fleming, 2016): Some studies advocate that the same decision variable is accu-

mulated post-decisionally (van den Berg et al., 2016), others suggest that different

signals with separate neural sources might be involved (Murphy, Robertson, Harty,

& O’Connell, 2015).

Bayesian models. The idea that the brain computes Bayesian statistics to make

inferences about the world has been around for some time (Knill & Pouget, 2004),

fostered by the finding in multisensory perception and motor learning that humans
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integrate different modalities in an optimal manner, namely weighting evidence by

uncertainty (Ernst & Banks, 2002; Körding & Wolpert, 2004; Kvam & Pleskac, 2016).

Although higher order decisions, like economic decisions, did not appear for a long

time to benefit from the same mechanisms (Ariely, 2008; Kahneman & Tversky, 1979)

recent work shows that these decisions too may be explained by optimal Bayesian

inference (Oaksford & Chater, 1991; Tsetsos et al., 2016). Bayesian decision theory,

for which SDT represents a specific instance, describes the rules by which prior beliefs,

expressed probabilistically, should be updated as new evidence is collected. Formally:

P (θ|D) = P (θ)
P (D|θ)
P (D)

(1.2)

where θ represents a set of beliefs expressed as probability distributions over states

or variables and D represents incoming new data. The variance of the distributions

quantifies the uncertainty over a given state or variable value. Thus, confidence is

inherently embedded in this formulation as the inverse variance or “precision” of

the distribution (Meyniel, Sigman, & Mainen, 2015; Pouget, Drugowitsch, & Kepecs,

2016; Yeung & Summerfield, 2012). Recent efforts have tried to describe confidence

within this framework. Aitchison, Bang, Bahrami, and Latham (2015) showed that

when people are asked to rate their confidence on a previously reported binary re-

sponse, a Bayesian mapping function from sensory data to confidence reports was

better able to fit human behaviour compared to a heuristic approach where confidence

was simply proportional to sensory evidence. Instead of simply scaling confidence c

with sensory evidence x, a Bayesian agent would compute the probability of being

correct given the sensory evidence and its decision d as P (correct|x, d). The bold

face represents the fact that the sensory evidence can be multidimensional2. When

confidence reports and decisions were reported at the same time, rather than con-

fidence judgments provided separately after their binary choice, some participants

2In fact, in this study using multidimensional stimuli was the only way to discriminate between
the two models.
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were better described by a heuristic approach. A similar idea was brought forward

by Pouget et al. (2016) who recently suggested a distinction between uncertainty as

noise over sensory states (named certainty) and uncertainty about the correctness of

the decision response (named confidence).

A slightly different definition was given by Meyniel et al. (2015) who suggested

that confidence reports can be interpreted as a summary statistic (e.g. arithmetic

mean) of the distribution over sensory states x or, alternatively, as the precision (i.e.

inverse variance) of the same distribution (cf. Yeung & Summerfield, 2012). The first

suggestion is similar to SDT approaches while the second is inspired by biologically

plausible implementations of Bayesian inference (Ma, Beck, Latham, & Pouget, 2006).

In either case, confidence is a scalar readout of distribution x and is not necessarily

dependent on decision d.

An important challenge is that internal representations (e.g. distribution, cer-

tainty, etc.) and external reports (e.g. readouts and confidence reports) are difficult

to disentangle and are rarely studied within the same species. Moreover, although

extremely promising, Bayesian approaches lack the temporal dimension that DDMs

focus on (although see Kvam and Pleskac (2016) for an exception). Future work

could usefully address how Bayesian models of confidence can represent the evolution

of decision variables as a function of continuous changes in sensory evidence.

How to Measure Confidence

As described in previous paragraphs, one of the most common findings in confidence

literature is its covariation with accuracy (i.e. confidence calibration). Any attempt

to quantify the accuracy of confidence reports thus must take into account the fact

that participants who perform well in the first-order task (i.e. classifying the sensory

stimulus) will automatically be better at the second-order task (i.e. saying whether

they are performing accurately) (Kruger & Dunning, 1999). A first attempt to mea-

sure confidence calibration used a variation of the SDT method of determining the
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discriminability d′ between two distributions (N vs. S or S1 vs. S2). Instead of using

first-order hits and false alarm rates, type II d’ uses second-order hits and false alarms:

a hit is the classification of a correct trial by means of a high confidence judgment

and a false alarm is reporting a high confidence in an incorrect trial (Galvin et al.,

2003). Similarly, type-II Area Under the Receiver Operating Characteristic (AROC)

curve can be calculated to quantify (second-order) performance in ways that are in-

dependent of setting specific criteria (Macmillan & Creelman, 2005). This method

however makes first and second order decisions difficult to compare. Maniscalco and

Lau (2012) introduced the measure of meta-d’, that addresses the issue by expressing

metacognitive sensitivity (i.e. calibration) in relation to first order available infor-

mation. Thus a meta-d’ of one would mean that no information was lost between

first-order and second-order decisions - that is, the calibration of confidence is as

good as can be expected given the accuracy of the decision task (see Fleming and

Lau (2014) for a review of the topic). Different suggestions have been proposed to un-

derstand the neural mechanisms underlying inter-individual differences in calibration

(Fleming, Huijgen, & Dolan, 2012; Song et al., 2011), but for the scope of the present

work it is sensible to assume that they stem from internal noise in the representation

of sensory information.

Confidence in Social Information Sharing

The role of confidence in our lives has been extensively investigated in social, orga-

nizational and forensic psychology. Below is an overview of some key findings from

these literatures. Collectively, these findings show that, to the extent that confidence

is calibrated, it provides useful information about the value and reliability of shared

information.

Judge-Adviser Systems.

Research in organizational psychology has systematically explored the conditions un-

der which people ask for and make use of advice (Brehmer & Hagafors, 1986). The
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typical paradigm used in this literature is the judge-adviser systems (JAS from here

onwards) (see Bonaccio & Dalal, 2006, for an exhaustive review). Several versions

exist but all share similar components. In its most general version, a participant

(“judge”) is asked to make an initial estimate about a given question, then receives

advice from one or more real or virtual sources (“advisers”), and then is finally given

the option of revising their initial judgment. Typical questions for the judge fall into

two categories: judgment tasks and estimation tasks. The former are characterised

by questions with categorical responses, such as “What is France’s most populated

city?”. The latter are characterised by continuous (or at least ordinal) response vari-

ables, such as “What is the population of France’s most populated city?”. Estimation

tasks can provide a more sensitive measure of advice-taking because subtle changes

of mind can be registered that fall in between the judge’s initial answer and the ad-

viser’s recommendation. However, one common issue faced by both types of task

- and that the present work has addressed - is the difficulty in comparing together

different questions (for example because some might be more difficult than others)

and different judges (for example because of people’s differing expertise in the topic).

Thus advice-taking measures, like (Harvey & Fischer, 1997, ’s), are often computed for

each question separately and analyses are done across participants instead of within

each judge. Bonaccio and Dalal (2006) notice that measures of advice taking used in

many studies conflate changes of mind with changes of confidence (Bonaccio & Dalal,

2006, p. 141). For the present work, it is important to note that even if the original

response is maintained, advice could impact the confidence in that response.

Egocentric Bias.

One of the most replicated results using JAS tasks is the presence of a robust advice-

discounting bias, whereby judges weigh their own opinion more than their advisers’,

typically updating their initial estimate between 20% and 30% of the difference be-

tween their and their adviser’s opinion. The bias is less evident if the judge is not
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able to form an initial judgment prior receiving advice (Harvey & Harries, 2004).

Some results suggest that the ego-centric bias might be mediated by confidence. For

instance, Yaniv (2004b) showed that more knowledgeable individuals discounted ad-

vice more in a general knowledge task, and that the weight of advice decreased as

a function of the distance from the judge’s initial opinion. Similarly, power manip-

ulations between judge and advisers, as well as observational studies, have shown

that power is negatively associated with advice taking, such that more powerful in-

dividuals discount advice more. The effect is mediated by a higher confidence in the

judge’s own judgment, which has in turn a negative impact on the judge’s final ac-

curacy (See, Morrison, Rothman, & Soll, 2011; Tost, Gino, & Larrick, 2012). These

results are interesting if we consider the fact that using advice is typically beneficial

for the judge in JAS paradigms: it significantly improves accuracy (Yaniv, 2004a), it

allows for sharing accountability (Harvey & Fischer, 1997), it makes estimates closer

to normative predictions, and it forces judges to consider different problem strategies

(Schotter, 2003).

Several explanations of the egocentric bias exist. A simple explanation is that

judge’s initial estimate (if available) provides a reference to which further information

is anchored to (Tversky & Kahneman, 1974). Alternatively, Yaniv and Kleinberger

(2000) have argued that judges have privileged access to their internal reasons sup-

porting their own opinion, but not to their advisers’, and so give more weight to the

former. However, later results confirmed the existence of a genuine preference for

the self: participants egocentrically up weigh opinions that have been (correctly or

incorrectly) labelled as their own, but average opinions when the self is not involved

(Harvey & Harries, 2004; Soll & Mannes, 2011). Two untested explanations would

make the egocentric bias less “irrational”: (1) asymmetric regret might exist between

errors following self-initiated changes of mind and errors following advice-dependent

changes of mind (Coricelli et al., 2005); (2) learning might be reduced after advice-

dependent errors due to a reduced sense of agency (Khalighinejad & Haggard, 2016;
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Metcalfe & Greene, 2007; Moore, Dickinson, & Fletcher, 2011; Murty, DuBrow, &

Davachi, 2015).

Influence of Advice.

The results just described suggest that confidence is inversely proportional to advice

taking. The other side of the same coin is that advice confidence is directly propor-

tional to its influence. This phenomenon has been particularly investigated within

the legal domain where eyewitness testimony is often the primary method to identify

potential suspects. Confident witnesses are trusted more (Penrod & Cutler, 1995)

and confident testimony is more influential on juries, while identifications made with

low confidence often never make it to the courtroom (Roediger III et al., 2012). Due

to the negative consequences of a poor correlation between confidence and accuracy,

research in this field has thus put great emphasis on confidence calibration. Similar re-

sults have been found using a JAS paradigm in the knowledge domain, where Sniezek

and Van Swol (2001) showed that confident advice had larger impact on judges’ opin-

ions than uncertain advice. People have been repeatedly shown to adopt a confidence

heuristic, defined as a preference to trust and rely more on confident opinions, which

are in turn perceived as more reliable (Price & Stone, 2004; Yates, Price, Lee, &

Ramirez, 1996). Notice how a Bayesian framework can naturally account for these

results as it prescribes that opinions should be aggregated by weighting individual

judgments by associated inverse uncertainty or confidence (Bahrami et al., 2010),

which naturally leads to less advice influence when the advisee is confident and more

advice influence when the adviser is more confident.

Tenney et al. (2007) confirmed that confident testimony is more influential but

expanded existing results by showing that trust in the reliability of the source is

quickly lost if a confident witness is proved wrong - (see also Yaniv & Kleinberger,

2000, for asymmetric reputation revision) - or in other words if advice is uncalibrated

(Fleming & Lau, 2014). However, evidence suggests that people value calibration only
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if feedback is readily available. In a series of experiments, Sah, Moore, and Maccoun

(2013) manipulated the availability of feedback in an advice-taking task and showed

that, when feedback was removed or costly to acquire, people reverted to a confidence

heuristic and disregarded advice calibration. Interestingly, the use of calibration to

form estimates of advisers’ reliability seems to develop later in life compared to more

explicit cues of reliability such as confidence and accuracy (Tenney, Small, Kondrad,

Jaswal, & Spellman, 2011).

Notably, the original results from Yates et al. (1996) suggest that over- or under-

confidence does not hurt the reputation of the adviser as long as confidence judgments

have a good resolution (Fleming & Lau, 2014), where resolution is defined as the

discriminability of correct and error trials on the basis of confidence. For example,

an adviser who is 90% correct and who expresses a confidence of 60% whenever

wrong and 70% whenever correct, shows good resolution but poor calibration. The

results of Yates et al. (1996) seem thus to suggest that some form of normalisation of

advice received is performed by the advisee and that people show sensitivity to the

informativeness of the advice rather than calibration per se.

Interaction.

Advice taking seems to be also affected by how judges and advisers share information.

JAS studies have been performed using very diverse procedures, some involving un-

structured face-to-face interaction, some involving semi-structured interaction (e.g.,

through writing or computer interface), others involving no interaction at all (Bonac-

cio & Dalal, 2006; Sniezek & Van Swol, 2001; Swol & Sniezek, 2005). Systematic

manipulations of the interactive medium, however, have rarely been carried out. One

study, Van Swol (2011) (Experiment 1), compared situations where judge and adviser

communicated face-to-face versus in writing, but found no effect of communication

medium, both in terms of trust and advice influence.
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Although JAS tasks have consistently shown the presence of an ego-centric bias,

research on group decision making and small groups has shown that interaction among

peers often leads to polarisation and opinion drifts - also known as “risky shift” (Kerr

& Tindale, 2004; Moscovici & Zavalloni, 1969; Myers & Lamm, 1976). Using a sports

prediction task, Heath and Gonzalez (1995) showed that interaction did not affect

accuracy in task performance or the accuracy of metacognitive judgments, but simply

made decision makers overall more confident. The authors suggested that this effect

was due to the fact that when interacting, people implicitly create rationales for their

opinions thus making them more confident (the “rationale construction” hypothesis).

The result is in agreement with an argumentative view of interaction suggesting that

better arguments are elicited when people have the possibility to discuss (Mercier &

Sperber, 2011; Trouche, Sander, & Mercier, 2014). The argumentative framework,

however, cannot be reconciled with perceptual judgment tasks, for which arguments

are impossible to define.

What is Confidence for?

The studies reviewed above clearly show the importance of confidence (real or re-

ported) on advice taking and opinion formation in social contexts. Nonetheless, they

remain agnostic about why its role is so important. One recent hypothesis, devel-

oped within the cognitive sciences, suggests an intriguing view on the topic. Shea et

al. (2014) discuss a symmetry existing between theory of mind and metacognition:

While metacognition concerns representations an agent has about its own mental

content, theory of mind concerns representations about other agents’ mental content.

The authors highlight that automatic metacognitive representations (Bach & Dolan,

2012; Pouget et al., 2016) are necessary for a number of tasks, including cognitive

control (Botvinick, Braver, Barch, Carter, & Cohen, 2001), uncertainty monitoring

(Yeung & Summerfield, 2012), optimal integration of different sensory modalities

(Morgan, DeAngelis, & Angelaki, 2008) and optimal action selection (Körding &
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Wolpert, 2004). At the individual level, optimal action policies can quickly be learnt

as an agent interacts with its environment by minimising prediction errors (Sutton

& Barto, 1998). But humans have been exposed to great evolutionary pressure to

live in societies (Dunbar, 2003; Dunbar & Shultz, 2007) where coordinated action is

often more important than individual action. Here, prediction errors take the form

of a discrepancy between sensory data and expectations on others’ actions and can

be minimised by inferring the intentions of social others (Friston & Frith, 2015). A

huge literature body on theory of mind has described the mechanisms (and failures)

of inferring intentions from other’s actions (C. D. Frith, 1999, 2007; U. Frith & Frith,

2003; Kilner, Friston, & Frith, 2007). Shea et al. (2014) suggest that coordinated ac-

tions among individuals can occur by sharing explicit metacognitive representations

(for example, in the form of language) across members of a group. Thus, optimal

action selection and cognitive control at the group level are made possible by creat-

ing a shared metacognitive space, that grounds within the cognitive sciences earlier

work in social psychology on shared task representations and mental models (Kerr &

Tindale, 2004).

The decision making literature and the advice taking literature described so

far are characterised by a focus on individual cognitive processes. Information is

perceived by a receiver and a response is produced. But how do people make decisions

together? In the next section I will be describing the existing literature on group

decision making. I will present the main findings, the traditional interpretation of

those and then more recent developments.

Group decisions

Crowds: the Traditional View(s)

A philosophical tradition that goes back to Plato’s Republic, passing through Locke,

Hobbes and Rousseau, has tried to characterise the optimal way to regulate a group
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of people, being this a city or a country. The first empirical investigation of the

topic was done by the Marquis de Condorcet (1785), who in his Essai describes a

probabilistic analysis of integrating a “plurality of views” from members of a jury.

He shows that, if we assume that people’s views have a positive correlation with the

truth, then convergence to that truth is expected in the limit of increasing group

size. The first empirical proof of the concept was given by Francis Galton (1907)

who (reluctantly) demonstrated that the median value of a distribution of estimates

coming from independent näıve observers was remarkably close to the true value.

However, many collective failures produced by crowds were also well known at that

time (Mackay, 1841). The fact that group decisions can turn disastrously wrong is

sadly well-known. Economic bubbles, the Challenger’s launch and the Bay of Pigs

invasion are commonly reported as examples of group choices gone wrong. Modern

social psychology has tried to define the conditions leading to crowds’ “madness” or

“wisdom”.

Madness

Postwar Years. Continuing a tradition started with Mackay (1841) and Le Bon

(1895), and fostered by the events of the first half of the 20th century, many social

psychologists showed how social groups impair the rational abilities and empathy of

the individual, leading to conformism and groupthink (Asch, 1956; Haney, Banks,

& Zimbardo, 1973; Latane, Williams, & Harkins, 1979). Janis (1972) hypothesised

that under some conditions - like strong leadership, cohesion and encapsulation from

external information or experts’ opinion - groups can show extreme consensus-seeking

leading to extreme mistakes. Although the model has been extremely influential

(Turner & Pratkanis, 1998), researchers have shown that results are more ambiguous

than originally thought and similar conditions can produce also collective gains (Kerr

& Tindale, 2004).
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The Information Shift. In the 1990s, groups research saw a shift towards how

information is distributed and shared among individuals, thus beginning to conceive

groups as information processing units (Hinsz, Tindale, & Vollrath, 1997). A paradig-

matic study is represented by Stasser and Titus (2003)’s hidden profile experiment,

in which individual members of a group are given different pieces of information that,

if shared, allow the group to come to the correct decision. Importantly, some pieces

of information are given to several members while others are only given to no more

than one individual. A robust effect is that group members are more willing to discuss

shared information than unshared, even when doing so leads to errors. A model of the

effect suggests that groups sample information from group members so that shared

evidence is more likely to be discussed early on and to be perceived as reliable because

multiple (supposedly independent) sources support it (Kerr & Tindale, 2004).

Wisdom

Stationary Aggregation Methods. Research on groups has also highlighted that

groups can sometimes outperform individuals, an idea recently popularised with the

term Wisdom of Crowds (Surowiecki, 2004). As in Galton (1907)’s original exper-

iment, groups of individuals have been repeatedly shown to be extremely good at

estimation tasks and forecasting. Several methods developed to harvest this power

rely upon taking the (absolute or weighted) mean or the median of individual esti-

mates and using other simple combination algorithms (Mannes, Soll, & Larrick, 2014;

Soll & Larrick, 2009). One of the most common aggregation strategies is the majority

rule (i.e., aggregation of opinions by counting individual votes), which has been shown

to be robust compared to other integration strategies across a variety of situations

(Hastie & Kameda, 2005).

Sorkin, Hays, and West (2001) applied a signal detection analysis to provide a nor-

mative description of information integration among different individuals performing

a difficult visual detection task. The model defines the weights that should be given to
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each opinion given individual sensitivity d’ so as to maximise group-d’. The authors

show that a majority rule outperforms other aggregation rules like supermajority, in

which an option is taken if more than half individuals composing the group support it

and a default option is taken otherwise, and a unanimity rule, that an option is taken

if all members of the group support it and a default option taken otherwise. Empirical

groups were also tested and free communication among members was allowed. The

authors found that group-d’ was greater than individual-d’, although lower than the

optimal benchmark.

Interestingly, however, Lorenz, Rauhut, Schweitzer, and Helbing (2011) showed

evidence that the traditional wisdom of crowds effect is progressively reduced as a

function of repeated exposure to other group members’ judgments, suggesting that

breaking of independence between individual estimates was damaging. Notably, and

importantly for the present work, others’ opinions were presented without any face-to-

face interaction nor they were accompanied by confidence judgments, raising the ques-

tion of whether collective losses could have been mitigated by these factors (Gürçay,

Mellers, & Baron, 2015).

Dynamic Aggregation Methods. A common view held in economics considers

prices as aggregate measures that dynamically reflect the distributed information

about goods and economic players that is currently available (Hayek, 1945). De-

veloping this idea further, people have started to explicitly trade information about

future events using prediction markets. Prediction markets are markets where people

can buy “stocks” of future events according to what they think is the most likely

outcome. Interestingly, stock prices - which are determined by the popularity of the

stock as in traditional markets - have been shown to reflect and track over time the

probability associated with possible outcomes (Dreber et al., 2015; Wolfers & Zitze-

witz, 2004), with accuracy as high as experts’ forecasts and other forecasting methods

(Graefe & Armstrong, 2011).
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Contrary to static aggregation methods, prediction markets show that information

can also be adaptively represented by group dynamics and members’ interaction. Dy-

namic information aggregation strategies have been investigated also in non-human

animals, most commonly in social insects, birds and fish (Bonabeau, Dorigo, & Ther-

aulaz, 1999; Couzin, 2009). This line of research has shown that many emergent

properties of these swarming systems can be explained by the aggregate of simple

individual rules that govern interaction at a local scale (Couzin, 2009). Recent web

implementations of swarm dynamics have been applied also to humans to facilitate

forecasting (Rosenberg, 2015).

Two common explanations. Groups seem to be somehow extremely efficient in

spreading information (and misinformation) across a network of agents (Mason &

Watts, 2012; Moussäıd, Brighton, & Gaissmaier, 2015). The efficiency of informa-

tion aggregation systems - like prediction markets, averaging and majority rule - has

traditionally been explained using two common mechanisms. The noise cancelling

hypothesis (NCH) assumes that different individuals’ beliefs can be described by a

shared signal component and unshared uncorrelated noise. Increased aggregate accu-

racy is observed because uncorrelated noise across individuals cancels out (Surowiecki,

2004). The bracketing hypothesis (BH) suggests that when people interact with so-

cial partners, their final estimate improves as long as their initial estimates “bracket”

the true value on a continuous variable scale (Larrick & Soll, 2006). These proposed

mechanisms nicely explain why - for example - the diversity of the group (Hong &

Page, 2004) or the diversity of the models used (N. Silver, 2012), and the indepen-

dence of group members (Lorenz et al., 2011), predict group performance. But a

different story, fostered by metacognitive research in the cognitive sciences, has re-

cently emerged.
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Crowds: An Alternative Explanation

Results by Sorkin et al. (2001), already described, showed that most groups did not

achieve the nominal collective accuracy that was predicted by their model. The

authors attribute this collective loss to a social loafing effect where individuals ex-

ert less effort if in a group than alone (Latane et al., 1979). However, Bahrami et

al. (2010) showed that the effect could be explained by a confidence sharing model

where a two-member group (“dyad”) is characterised as a Bayesian unit that aims

to integrate information optimally across the two members, i.e. by scaling evidence

(choice) by uncertainty (inverse confidence). The confidence sharing model correctly

predicts greater information loss and thus smaller collective benefit as the differ-

ence in sensitivity d’ between the two members becomes progressively larger. Fur-

ther language analyses performed on speech recorded during the task confirmed that

participants tended to discuss the uncertainty associated with their subjective ex-

periences (Fusaroli et al., 2012). Face-to-face interaction seems to be the best way

participants are able to optimally share their personal information. Sharing choices

only, i.e. strengths but not uncertainties, is not enough to attain collective benefit.

Sharing confidence levels, even if only through a computer indicator, is enough for the

dyad to surpass its best member (Bahrami et al., 2012b; Migdal, Raczaszek-Leonardi,

Denkiewicz, & Plewczynski, 2012); a Maximum Confidence Slating (MCL) aggrega-

tion strategy, namely selecting the most confident opinion available, is often sufficient

to reach greater-than-individual-accuracy (Bang et al., 2014; Koriat, 2012b).

Thus, in simple binary perceptual tasks such as the one used in the present work’s

experiments, confidence sharing seems to be a necessary and sufficient condition to

attain collective benefit. Similar results were replicated in higher order cognitive tasks

such as enumeration (Bahrami, Didino, Frith, Butterworth, & Rees, 2013), object-

recognition (Brennan & Enns, 2015) and knowledge-based questions (Koriat, 2012b).
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Mechanisms of Social Interaction Under Confidence Sharing

As we saw in the previous section on confidence, covariation between confidence and

accuracy within each individual is a very robust finding. Thanks to this property,

individuals are able to determine on a given trial who among them is more likely to

be correct by simply comparing their confidence levels (Pescetelli et al., 2016). This

strategy seems to be an efficient heuristic to adopt in many situations (Koriat, 2012b).

However, characteristics of the confidence distribution - e.g. the average confidence

- are highly variable across individuals (Ais et al., 2016), and dependent on contin-

gent factors such as gender (Barber & Odean, 2001), profession (Broihanne, Merli, &

Roger, 2014), mental-health (Huq, Garety, & Hemsley, 1988), personality (Campbell,

Goodie, & Foster, 2004) and culture (Mann, 1998). Thus, for the confidence heuristic

- i.e., using confidence as an indicator of reliability (Price & Stone, 2004) - to be a

successful communication strategy, people need to reduce confidence differences aris-

ing from contingent factors while maintaining variance due to task-relevant external

signal (Bang, Aitchison, et al., 2017).

Another and related potential issue arising from the adoption of a confidence

heuristic is that confidence calibration also greatly varies across individuals (Song

et al., 2011). We should then expect that whenever people with poor confidence

calibration interact they should incur in a collective loss. This is exactly what was

recently found (Pescetelli et al., 2016). Although the rational strategy for the dyad in

these situations is to adopt the judgment of the most accurate participant irrespective

of confidence, empirical dyads seem to adopt an equality bias that over-weights the

less accurate member and under-weights the most accurate one even when feedback is

given on every trial (Mahmoodi et al., 2015). Face-to-face real-time social interaction

seems to reduce the negative consequences of the equality bias if members are not

allowed to form a prior opinion (Hertz, Romand-Monnier, Kyriakopoulou, & Bahrami,

2016), although the mechanisms underlying the effect remain unclear.
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Open Questions

The literature reviewed so far shows that different fields of investigation have high-

lighted different aspects of confidence and confidence sharing. First, studies from

meta-memory and decision making have shown that confidence can be conceived as

an internal estimate of probability correct. This literature has also defined formal

models that mathematically describe how judgments of confidence are formed. Sec-

ond, the organisational psychology literature investigating advice taking behaviour

has shown that confidence predicts lower influence if advice is received (i.e., confident

people seek for and listen to advice less than uncertain ones) and greater influence if

advice is given (i.e., confident people are more influential and perceived as more reli-

able). Third, the group decision making literature has shown that sharing confidence

can lead to optimal decisions in social contexts, by weighting judgment estimates

by their associated uncertainty. Effective use of social information thus depends on

knowing the relative reliability of different opinions. The literature reviewed so far

prompted me to investigate the two questions that motivate the present work: (a)

How do we learn about the reliability of social information, particularly when ob-

jective feedback is absent; (b) How does the opportunity for dynamic interaction

affect the reliability of social information sharing. These two lines of investigation

are described below in two separate sections.

First line: Learning about others in the absence of

feedback

Confidence in Learning

Reinforcement learning is a well-developed class of models characterising decision-

making (Sutton & Barto, 1998). In a classical paradigm, subjects make serial de-

cisions while experiencing a sequence of rewards or punishments. Learning occurs

by matching internal expectations with external reward or punishment contingencies.
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The difference between the two generates a prediction error signal that proportion-

ally guides the update of expectations. Importantly, this framework provides a way

to characterise both Pavlovian associative learning and instrumental conditioning

by defining complementary roles within the ventral (Schultz, Apicella, Scarnati, &

Ljungberg, 1992) and the dorsal striatum (O’Doherty et al., 2004). According to the

standard interpretation, the former system (the “critic”) predicts future outcomes

in relation to states of the environment, whereas the latter (the “actor”) learns ac-

tion policies for particular states of the environment based on experienced outcomes

(O’Doherty et al., 2004), with arbitration between the two defined by their associated

uncertainty (Daw, Niv, & Dayan, 2005). Importantly for this work, it is common to

discriminate between uncertainty arising from noise in the outcomes and noise in the

rule (Bach & Dolan, 2012). In other words, a discrepancy between predicted and

actual outcome could be observed even when the subject has learnt the rules in its

environment and has responded accordingly. For example, this is the case with prob-

abilistic learning. Imagine that by trial t you have learnt that an urn gives you a

reward on 80% of trials. On trial t + 1 you will still be marginally surprised to see

either outcome. This residual uncertainty has been defined “expected uncertainty”

and it does not produce a change in the behavioural policy. If, however, the same

urn starts giving you punishments one after the other, you will accumulate enough

prediction errors that might tell you that the urn content has changed. This has been

named “unexpected uncertainty” and it guides learning the rules governing what ac-

tion policy to adopt (Bach & Dolan, 2012). Thus, it is important to bear in mind

that several levels of uncertainty governing learning and behaviour exist and can be

represented as a distribution probability over states (e.g. outcomes or rules) instead

of as scalar values. For instance, if a reward always follows a correct response and

punishment always follows an incorrect response, then feedback (i.e. outcome) is to-

tally informative on the state of the world and can be represented as a scalar. For

example, getting an electric shock from a loose wire always informs you that the
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wire was electrified. Probabilistic feedback on the contrary is characterised by less

informativeness, as the exact state of the world cannot be inferred from one single

trial. Think for example of getting stuck in traffic on a new road to work. This

could either mean that the new road suffers more traffic jams so it should not be

taken any more, or alternatively could mean that the road is actually a short cut

that only today happens to be overcrowded. The uncertainty about possible states of

the world characterising probabilistic feedback makes it impossible for the subject to

learn which state they are in from a single observation. Instead, learning must occur

by accumulating outcomes over time (Schiffer, Siletti, Waszak, & Yeung, 2016).

Confidence as Internal Probabilistic Feedback

Nevertheless, learning seems to happen even when no external feedback of any sort

is available. Indeed, most daily decisions that people face are made in situations

where no objective reward or punishment is available or, if it is, its outcome is too

delayed in time to be effectively used in a classical RL fashion. Take as an example a

junior doctor making a medical diagnosis. The doctor will know about whether the

diagnosis was correct (i.e. the outcome for the patient) months or years after it was

made. In the meantime however, the same doctor is continuing diagnosing patients

and improving her diagnostic skills. In these contexts, decision makers ought to rely

on other types of cues, which however must correlate with accuracy for learning to

be successful.

In the context of social information sharing, this issue can be reformulated into

the problem of how we learn about the reliability of social information sources, like

advisers or other group members, when feedback about our and their actions cannot

be used to form an objective estimate of reliability. Weiss and Shanteau (2003) sug-

gested that when no feedback is available, expertise should be defined on the basis

of the ability of a judge to discriminate stimuli belonging to different categories and

the ability of being consistent in treating stimuli belonging to the same class. The
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authors’ work correctly characterises expertise among different agents, in categorisa-

tion tasks when feedback is absent. However, it does not tell us about how agents

in similar feedback-free scenarios might acquire such expertise. In other words, the

approach taken by Weiss and Shanteau (2003) does not offer alternative feedback-like

signals that can be reconciled with traditional reinforcement learning literature.

In an attempt to overcome these limitations, the central hypothesis of the first

line of investigation in the present work suggests that variance in internally gener-

ated confidence signals carries useful probabilistic information about the state of the

world (e.g., a correct or incorrect response), which can be exploited to guide learn-

ing through similar mechanisms as the ones described in the literature for external

probabilistic feedback (Sutton & Barto, 1998). In a Bayesian framework, confidence

represents the subjectively estimated probability of a given outcome (e.g., a correct

response or a given reward). Once estimated, this quantity could in turn be used to

infer the probability that the advice received is correct or wrong, thus allowing the

accumulation of a probabilistic learning signal about adviser reliability over time. For

instance, imagine our junior doctor thinks, after observing certain symptoms, that

the probability of a patient having Alice in Wonderland Syndrome (Todd, 1955) is

98%. Imagine now that, in the absence of any other objective reference, she observes

that another junior doctor also thinks that the patient has AiWS. Our junior doctor

might confidently arrive to the conclusion that her peer’s judgment is likely correct

and indeed evidence of the peer’s good diagnostic skills.

The use of such agreement-in-confidence heuristic - not to be counfounded with a

confidence heuristic whereby the adviser ’s confidence is used as an indirect signal for

their accuracy (Price & Stone, 2004) - can be thought of as a cognitive short-cut to

the otherwise intractable problem of learning without feedback. Work on heuristics

and biases (Tversky & Kahneman, 1974) has shown that, when facing computation-

ally intractable problems, the brain often uses fast-and-frugal heuristics that simplify

the problem space, often reaching near-optimal results (Gigerenzer & Brighton, 2009;
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Oaksford & Chater, 1991). These cognitive short-cuts work most of the time but lead,

under specific circumstances, to characteristic deviations from rationality. Thus, a

central prediction is that using an agreement-in-confidence heuristic will enable par-

ticipants to learn the reliability of the advice received but, under special experimental

manipulations, systematic biases will be observed.

This idea was recently supported by brain-imaging data showing that mesolimbic

brain areas - typically associated with reward prediction error signals (Schultz et al.,

1992) - encode both anticipation and prediction error of confidence in the absence of

an objective external feedback, such that actions associated with higher confidence

produced event-related BOLD time courses with a positive deflection from baseline

compared to trials characterised by low confidence (Guggenmos, Wilbertz, Hebart, &

Sterzer, 2016). The authors showed that a modified reinforcement learning algorithm

using confidence instead of actual rewards can fit the behavioural and brain imaging

data. These results suggest that learning may occur even in the absence of external

feedback, simply by building an association between external states (e.g. stimuli) and

internal states (e.g. metacognitive judgments).

The first line of experiments will be described in Chapters 2-4. Chapter 2 in-

troduces the paradigm, which is a modified JAS task in which participants perform

sequential perceptual decisions and receive advice from independent advisers over re-

peated interactions. Trust and advice influence are inferred for advisers with different

objective reliability and accuracy, which show that participants are able to discrimi-

nate subtle advice cues even in the absence of feedback. Chapter 3 introduces a simple

formal model of how learning in the absence of feedback can take place, and shows

that the model reproduces qualitative patterns of the behavioural data. Chapter 4

presents two experiments where the independence of participants’ judgments from the

advice received is manipulated, and shows that both model and participants’ pattern

of trust in the advisers are consistent with an agreement-in-confidence strategy to es-

timate advice reliability. An adapted reinforcement learning model is also described



1.4 Second line: Effects of dynamic interaction on social information sharing 33

in Appendix A to show that our conclusions hold also when applying a similar logic

to qualitatively different models.

Second line: Effects of dynamic interaction on social

information sharing

An Experimental Dilemma: the Control-Validity Trade-off

One of the most difficult and consequential decisions that the scientist interested

in social phenomena faces when starting a new study is what degree of control to

exert on the social system under investigation. The dilemma lies in the fact that

although the scientist’s instinct would be to try to attain perfect control over all the

variables of interest, the social system under study becomes less and less realistic the

more control is exerted. High degrees of control over social variables often means

creating computerised social characters, deceiving participants into believing that a

real person is participating in an adjacent room, limiting the interaction to sharing

tokenised pieces of information and/or controlling the direction of the information

flow (Bonaccio & Dalal, 2006; Edelson, Sharot, Dolan, & Dudai, 2011; Soll & Mannes,

2011). On the other hand preserving ecological validity often involves allowing free

unstructured interaction that in the best scenario gets videotaped and independently

analysed, but with the associated burdens and challenges of quantification (Bahrami

et al., 2010; Fusaroli et al., 2012; Haney et al., 1973).

Studies in the field have fallen on either side of the divide, but criticisms can

be made of both. On one hand, social interaction does not happen in a vacuum

and very rarely a distinction can be drawn between forming an opinion, collecting

information from others, and integrating them with one’s own to form an updated

view. Interaction is essentially a dynamic system composed of two people who act

and react on each others’ signals, so studying it using staged paradigms and/or one-

participant tasks risks an experimental setting that is sterile at best and inaccurate at
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worst. On the other hand, allowing interaction to happen freely without any control

limits the scope for careful manipulations and causal inference, and creates a host of

potential confounds that cannot easily be accounted for.

The Need for a Middle Ground

Authors have recently started raising this concerns and asking how we can study social

phenomena without being limited by our methodology. Schilbach et al. (2013) sug-

gested the introduction of a second-person neuroscience, as opposed to first-person

neuroscience, characterised by imagining one self in the other person’s shoes (Riz-

zolatti & Sinigaglia, 2010), and third-person (Theory-of-Mind-based) neuroscience,

characterised by inferring intentions from observing others (U. Frith & Frith, 2003;

Gallagher & Frith, 2003). Both previous approaches limited social investigation to

the use of non-interactive stimuli. Second person approaches emphasise the active

engaged role of a social agent in contrast to a passive spectator. Studies on joint

action have tried to answer similar questions for some time. Analysis of the de-

pendencies in behaviour and neural correlates within and between musicians playing

together suggested these settings to be a good environment for studying real-time

social interactions (D’Ausilio, Novembre, Fadiga, & Keller, 2015). Use of multi-brain

imaging techniques or hyperscanning has also been a useful resource for the investiga-

tion of the neural correlates of joint actions (Dumas, Nadel, Soussignan, Martinerie,

& Garnero, 2010). The development of more ecologically valid paradigms does not

necessarily need to go astray from high degrees of control. For instance a recent fully

computerised paradigm (Auvray, Lenay, & Stewart, 2009; Froese, Iizuka, & Ikegami,

2014) successfully showed that real-time recursive interaction using haptic avatars

was necessary for detecting the presence of others.

A recent interesting theoretical advancement has been to recreate similar inter-

active scenarios by pairing a human participant with a dynamic model of human
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behaviour. Dumas, de Guzman, Tognoli, and Kelso (2014) suggested a Human Dy-

namic Clamp (HDC) paradigm inspired by the dynamic clamp method used in bi-

ology. Here, a human participant interacts with a model of human behaviour in a

real-time closed loop system. The authors showed that oscillating dynamics of syn-

chronous and asynchronous hand movements emerged when asking humans to imitate

the model and the model to do the opposite. The HDC paradigm promises to be a

powerful tool for model validation of real-time interactions.

Finally, in psychiatry the use of virtual reality environment has also been suggested

to allow ecological validity while at the same time exerting high degrees of control

(Mattout, 2012; Schilbach et al., 2006). This leaves us with an unsolved question:

what does really make a social stimulus social?

What is ultimately “social”?

An intuitive idea of what a “social stimulus” is is possessed by everyone. But to

proceed forward in the investigation of social constructs it is important to make a

formal definition explicit. By looking at existing social experiments we can start to

distil the features needed for a phenomenon to be social. Most studies in cognitive

social neuroscience have investigated social cognition using human faces as stimuli

to prompt social constructs (Edelson et al., 2011). There seems to be some agree-

ment on the fact that images of conspecifics and faces in particular are processed

differently in the brain than other stimuli (Farah, Wilson, Drain, & Tanaka, 1998;

Simion, Macchi-Cassia, Turati, & Valenza, 2001). Whether presenting a face is a

necessary requirement for a stimulus to be defined “social” remains however unclear.

Indeed simply telling participants they are interacting with social advisers but not

showing any face activates adjacent but separate brain areas compared to informa-

tionally identical non-social stimuli (Behrens, Hunt, Woolrich, & Rushworth, 2008).

One of the most famous experiments in social psychology demonstrated that people

can draw a great deal of information, infer intentions and create entire narratives by
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simply looking at animated cartoons of geometric shapes (Heider & Simmel, 1944). It

thus seems that stimuli do not need necessarily have to possess human body features

to be perceived as social.

One could argue that the distinctive feature of a social stimulus is the knowledge

that we are interacting with social others (Behrens et al., 2008). However, also this

interpretation is problematic. More than half century ago Alan Turing (1950) sug-

gested that the definition of agency and consciousness in social others should entirely

be based on one criterion: behaviour. Any agent, either human or machine, should

be regarded as conscious if it acts like one. Thus, defining an agent “social” only

based on the participant’s belief of who he or she is interacting with and disregarding

its behaviour might not well be a viable alternative. On the other hand, defining

it purely based on behaviour is also inappropriate. Studies have shown that people

treat very differently humans and machines even if the observed behaviour is iden-

tical, usually in the direction of a greater punishment for machine errors (Boorman,

O’Doherty, Adolphs, & Rangel, 2013; Dietvorst, Simmons, & Massey, 2015).

The recent developments in second-person neuroscientific approaches and vir-

tual reality experiments (Auvray et al., 2009; D’Ausilio et al., 2015; Mattout, 2012;

Schilbach et al., 2013) seem to suggest that the nature of sociality is the interactive

dynamic process occurring between agents. If we are going to accept this approach

then social phenomena should be considered as complex systems that evolve over

time where agents are engaged actors instead of simple spectators of social others

(Schilbach, 2014). Agents act and react to each other without any clear definition

of who is cause and who is effect. Due to their dynamic nature social interactions

are expected to lead to non-linearities and super-additive effects. For example social

interaction has been shown to lead to phenomena of escalation where agents reinforce

each other’s behaviour in a recursive positive feedback loop De Martino, O’Doherty,

Ray, Bossaerts, and Camerer (2013); Mahmoodi, Bang, Ahmadabadi, and Bahrami

(2013).
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Comparing Interactive and Non-Interactive Social Exchange

To understand whether this last definition of social stimuli is an appropriate one, a

direct comparison between interactive and non-interactive social exchange is needed.

The second line of investigation in the present work aims to compare identical so-

cial situations where the information that is shared between the two agents (for

example a judge and an adviser) is kept constant but the possibility for interaction

is manipulated. The comparison can potentially shed light on the differences be-

tween classic JAS paradigms - typically characterised by information exchange that

is one-directional, static and structured in stages - and more ecologically valid social

situations - characterised by real-time recursive dynamics. This second research line

in the present work is exploratory in nature, but existing evidence suggests that dy-

namic interaction should have effects that differ from more static forms of information

sharing. Economic bubbles are a long-known example of situations where recursive

interaction among social interacting agents lead to self-reinforcing effects and error

magnification (De Martino et al., 2013; Mackay, 1841). Phenomena of confidence

escalation are known also in the joint decision-making literature (Mahmoodi et al.,

2013) and provide modern developments to previous findings in social psychology and

risky-shift literature suggesting the presence of non-linear opinion influence dynamics

(Heath & Gonzalez, 1995; Moscovici & Zavalloni, 1969; Myers & Lamm, 1976).

The second set of studies reported in the current work (Chapters 5-7) will de-

scribe a novel paradigm that aims to disentangle the effects of the communicative

means (interaction vs. non-recursive exchange) from the content of communication

(i.e., the information shared). Chapter 5 introduces the paradigm, in which pairs of

participants perform series of perceptual discriminations in parallel, expressing each

time their confidence in their judgment. On each trial, after they have entered their

responses, they are allowed to share their views and are incentivised to continuously

monitor their changes in confidence and update their responses accordingly. Impor-

tantly, social information is shared either statically, showing only the partner’s initial
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response, or dynamically by showing the partner’s initial response and confidence

change. Interaction does matter, in the sense that even if conditions were matched in

terms of task-relevant information, dynamically interacting with others produces non-

linear patterns like confidence escalation. Chapter 6 and 7 both replicate the results

of Chapter 5 and add two control conditions to test alternative more parsimonious

hypotheses that key interaction effects are due to limitations in the working mem-

ory capacity of dyad members. Results confirmed that the interaction interpretation

accounts best for the data.
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A Judge-Adviser Paradigm

Chapter Abstract

This Chapter describes the two main questions that motivate my first line of work and

the paradigm used to adjudicate between alternative answers. The first question is:

How does the information provided by social partners impact people’s independent

beliefs? The second question is: Are internal metacognitive signals useful to inform

our judgment about the reliability of social others? I will compare situations where

participants have access on a trial-by-trial basis to objective feedback on their part-

ner’s and their own performance with situations where such feedback is not available.

A first behavioural experiment is presented to provide a proof of concept that people

are indeed sensitive to subtle informational differences among their advisers even in

situations when objective feedback is not available. In the task participants are asked

to provide a confidence judgment on a binary forced-choice perceptual decision. After

confirming their answer, they are presented with the judgment and associated confi-

dence of one out of four virtual advisers, whose accuracy and confidence calibration

are factorially manipulated. The participant is then allowed to adjust their initial

decision and confidence judgment. Feedback is manipulated between-participants:

the Feedback group, but not the No-Feedback group, received trial-to-trial feedback

that gave information about the accuracy of their own judgment and that of the ad-

viser. Participants’ learning about the different advisers was assessed in two distinct

39
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ways. First, explicit subjective trust reports were recorded every other block. Sec-

ond, implicit advisers’ influence on subjective choices and confidence was measured.

Results show that participants trust more, and are more influenced by, accurate com-

pared to inaccurate advisers, and by calibrated compared to uncalibrated advisers,

and that these differences are observed with and without trial-level feedback. The

results demonstrate an ability to discriminate between good and bad advice even in

the absence of objective feedback, and raise the question of the strategies that people

use to compensate for the lack of feedback when this is not immediately available

from the environment. Two alternative hypotheses are suggested that could account

for the results.
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Problem definition

Situations in which feedback on others’ performance is not immediately available are

abundant in our life. In many contexts, including in education and health, we rely

on advice but may not have immediate feedback or other objective standard with

which to judge the reliability of that advice. Yet in these contexts we must learn

to distinguish good from bad advice. How we do this, and how reliably we do so,

are open questions. One hypothesis is that what defines a reliable source from an

unreliable one is the ratio between classification variability among items belonging to

different categories and classification variability among items belonging to the same

category (Weiss & Shanteau, 2003). One of the limitations of this approach is that

it is not based on a learning signal that can be easily reconciled with traditional

reinforcement learning models (Sutton & Barto, 1998). The question still remains

relatively unexplored.

In many perceptual tasks used in group decision and advice-taking studies, accu-

racy correlates with confidence - that is, more confidently expressed judgments are,

on average, more likely to be correct (Henmon, 1911; Koriat, 2012b). This feature

makes confidence judgments valuable when objective feedback is missing, because

confidence can serve as a proxy for feedback. The first line of studies in this thesis

assesses whether people can detect subtle informational differences among their social

partners in the absence of objective feedback and, if so, whether internal metacogni-

tive signals play a role in trust formation and advice reliability estimates. Evidence

seems to suggest that this might well be the case. Bahrami et al. (2012a) demon-

strated that in the absence of trial-by-trial feedback, participants were able to accrue

collective benefit - defined as the difference between group performance and most ac-

curate member’s performance - if verbal interaction between participants was allowed.

On the contrary providing objective feedback on members’ trial accuracy but not al-

lowing for verbal communication was not enough to accrue a collective benefit. This
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is an interesting finding considering that what should ultimately drive trust in a part-

ner and the decision to follow their judgment is their accuracy rate. Previous studies

had demonstrated that conveying information about confidence between participants

is crucial for group performance (Bahrami et al., 2010; Fusaroli et al., 2012; Koriat,

2012b). This raises three main questions: (1) What information is communicated

during verbal communication that is not communicated with objective feedback? (2)

What cues are available to people to infer the reliability of a social source (e.g., a part-

ner’s advice) when feedback is removed? (3) What are the mechanisms underlying

opinion change in these contexts?

The hypothesis tested here is that people are able to exploit the trial-by-trial co-

variation between their own internal sense of confidence and the actual state of the

environment to overcome the absence of objective feedback. Confidence has already

been shown to be an important factor that allows cognitive control (Botvinick et al.,

2001; Fleming & Dolan, 2012), meta-learning (Flavell, 1979) and social coordination

(Bahrami et al., 2010; Shea et al., 2014). According to a recent proposal (Bahrami et

al., 2010; C. D. Frith, 2012) the main reason we have explicit representations of con-

fidence is so that we can inform others of the degree of belief we hold in our internal

decisions. We here explore the idea that confidence can also be a signal that can be

fed back to assign value to external sources of information when objective feedback

is not readily available. In this respect, confidence might act as an internal proba-

bilistic feedback akin to probabilistic external feedback commonly used in classical

reinforcement learning paradigms (Sutton & Barto, 1998).

According to recent developments in confidence studies (Aitchison et al., 2015;

Meyniel et al., 2015; Pouget et al., 2016), confidence should be interpreted in a prob-

abilistic framework as the subjectively-estimated likelihood of having made the correct

decision, given the internal sensory states and the decision made. In a social scenario

and given its probabilistic relation with accuracy subjective confidence could in prin-

ciple be used to infer the likelihood that a social adviser’s belief is correct. External
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feedback gives you objective information about whether a piece of advice is correct

or incorrect. However confidence too can convey a similar, subjective and probabilis-

tic estimate of accuracy. For example, suppose you are certain that your choice is

correct, then you might treat advice that disagrees with your decision as certainly

wrong and down-weight your trust in the source of that advice accordingly. If you

make a choice with less confidence, you should down-weight disagreeing advice but

to a lesser extent.

The next section will present the first experiment of this series. Four virtual

advisers with differing reliability were designed. The choice of having virtual advisers

was to allow precise control over their advice. They differed in accuracy (proportion

correct) and calibration (how expressed confidence scales with probability correct).

Participants repeatedly experienced each adviser so to give them the opportunity to

learn about adviser individual reliability. Learning was examined in terms of both

explicit rating of trust in each adviser, and implicit expression of advice influence.

This was done to test possible dissociations between explicit and implicit trust. A

key question is whether participants are sensitive to differences in reliability even

when not provided with feedback about their performance (No-Feedback group). A

subsidiary question is how this sensitivity might differ relative to the case with explicit

feedback (Feedback group).

Experiment 1

Methods

Participants

Volunteers (N = 46, females = 26, age = 23 ± 0.45) were recruited in exchange of

monetary compensation or university credits. Half of the participants were assigned

to the Feedback condition and the other half to the No-Feedback condition. The study

was approved by local ethical committee. All participants gave informed consent prior

to participation.
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Paradigm

To investigate these questions in a quantitative manner, we implemented a comput-

erised version of the classic Judge-Adviser System paradigm (Bonaccio & Dalal, 2006;

Yaniv & Kleinberger, 2000). In this task a judge (typically the participant) gives their

response to a set of general knowledge questions or estimation tasks. The judge is

then given the response of another individual (the adviser) and is asked to revise

the original judgment. The size of the opinion update quantifies the influence of the

advice.

In our version of the task, participants perform a series of difficult perceptual

discriminations, after each one expressing their confidence in their decision. They

are then told the opinion of a virtual adviser and are then given the opportunity to

update their original decision and confidence rating.

The perceptual task used is a dot-count comparison task already described in

Boldt and Yeung (2015). The task consists of rapid visual presentation of two boxes,

presented for 160 ms on the left and on the right of a fixation cross, containing dots

arranged in random order. Participants are asked to determine which box contains

more dots (Figure 2.1). Each box is a grid of 20x20 positions that can each contain

a white dot or an empty space. One box is chosen to contain more dots, specifically

ndots = 200 + d. The other box has ndots = 200 − d. By manipulating the d

parameter we can control the difficulty of the task. For example if d = 1 then the two

boxes are equal but for two dots. Difficulty was titrated to each individual sensitivity

by applying a 2-down-1-up staircase procedure (Treutwein, 1995) that ensured that

all participants experienced on average an equal number of correct responses and

errors (nominal accuracy rate = 70.7%). The location of the box with more dots was

predetermined in advance by a pseudo-randomisation that ensured the number of left

and right correct answers was balanced across the experiment.
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Figure 2.1: The task represents a computerised version of the classical Judge-Adviser
System pioneered in organisational psychology (Sniezek & Buckley, 1989). In our
version, a participant makes a decision about which of two briefly presented boxes
containing dots arranged in random order, contains most dots. The participant ex-
presses his/her opinion on a semi-continuous confidence scale ranging from “100%
sure left” to “100% sure right”

After the brief visual presentation of the stimuli (160 ms) participants had unlim-

ited time to enter their response and confidence judgment. They did so in a one-step

decision by clicking with the mouse along a semi-continuous scale in 10 steps - ranging

from “100% sure left” to “100% sure right” - and confirming their response pressing

space bar. Text landmarks signalling 10% increases aided the interpretation of the

scale. The middle point of the scale (50% or total uncertainty) was removed and

a gap appeared instead, meaning that participants had to commit to one interval
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(2-alternatives forced-choice).

After confirming their response, one out of four different advisers appeared at

the center of the screen as a head-shot picture. Pictures were selected from the

NimStim database (Tottenham et al., 2009) and depicted four Caucasian, smiling

female characters that were randomly assigned to accuracy/calibration conditions

described below for each participant. Advice was provided as a pre-recorded female

voice through active noise-cancelling headphones. Audio tracks were recorded in from

native English speakers and their duration was altered with Audacity R© so that all

lasted for exactly two seconds. The association between adviser voice, face and advice

profile was randomised across participants to avoid confounds due to appearance or

voice characteristics. Advisers could express a binary level of confidence (low vs.

high) and either agree or disagree with the participant’s judgment. Low confidence

was expressed by the sentences “I think it was on the [LEFT/RIGHT]” and “It was

on the [LEFT/RIGHT], I think”, with one of the two randomly assigned on every

trial to avoid over-repetition of a single sentence. Similarly, high confidence was

expressed by the sentences “I’m sure it was on the [LEFT/RIGHT]!” and “It was on

the [LEFT/RIGHT], I’m sure!”. The selection of LEFT or RIGHT depended on the

adviser’s choice and accuracy as described below.

After the advice was given, participants had unlimited time to update their deci-

sion and confidence level using the same interface and input method as used in the

pre-advice period. The question “What is your final decision?” appeared to prompt

the update. The pre-advice confidence level remained on the scale as a shaded marker

to remind participants of their initial opinion. During the post-advice part partici-

pants were allowed to stay in the same position along the scale, increase and decrease

their confidence or even change their minds (i.e. changing interval along the scale).

Again they confirmed their final decision by pressing space bar. In the Feedback

group only, after the final decision was confirmed, a high frequency error tone com-

municated whether the participant’s final decision was incorrect. In the No-Feedback
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group, a new trial started immediately after participants had confirmed their final

answer.

At the end of each block, a summary on the post-advice percentage accuracy of

the participant (but not of the adviser) was provided to both groups. Notice that

advisers presentation was balanced within blocks so the feedback participants received

at the end of each block could not favour one adviser over the others. Participants

performed 500 trials divided in 10 blocks. Two extra blocks with a fifth adviser served

as practice and were removed from all the analyses. On each experimental block,

each adviser appeared ten times. Ten randomly selected trials within each block were

presented with a black silent silhouette and a post-advice decision was not required

(null trials). This was done to motivate participants to provide meaningful answers

in their pre-advice answers on each trial and avoid pre-advice random guessing.

Manipulation

We orthogonally manipulated the average accuracy of the four advisers and their

confidence-to-accuracy calibration (Table 2.1), keeping the raw numbers of confident

and unconfident advice equal across advisers (50% high confidence rate). We thus

defined two accurate advisers by setting their accuracy to 80% and two inaccurate

advisers by setting their accuracy to 60%. Then we set the calibrated advisers to be

always accurate whenever confident, and the uncalibrated advisers’ confidence to be

entirely unpredictive of accuracy. This led to the profiles shown in Table 2.1.

As described in Chapter 1, calibration is a term used in metacognitive studies

(Fleming & Lau, 2014) indicating the strength of co-variation between confidence

judgments and accuracy. Confidently given advice is more likely to be correct when

it comes from a calibrated adviser than an uncalibrated adviser. Several measures

exist to quantify calibration (Fleming & Lau, 2014): some (like meta-d’) assume a

generative model underlying confidence judgments generation, some others (like type

2 AROC) do not. In this paradigm, uncalibrated advisers all had a type 2 AROC of 0.5,
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Advisers

Events Accurate Accurate Inaccurate Inaccurate
count Calibrated Uncalibrated Calibrated Uncalibrated

Incorrect
Confident 0 1 0 2

Incorrect
Unconfident 2 1 4 2

Correct
Unconfident 3 4 1 3

Correct
Confident 5 4 5 3

AROCII .72 .5 0.84 .5
IG 0.29 0.26 0.38 0.08
IGe 0.063 0.063 0.084 0.021

Table 2.1: Values in the central section represent the number of times each event
occurred over the course of a 50-trial block (10 null trials not shown).

meaning that confidence was totally uninformative in predicting the adviser’s trial-

level accuracy. Due to the experimental design - where overall accuracy of advisers was

fixed at 60% or 80%, and where calibrated advisers were always correct when high in

confidence - calibrated advisers differed in their metacognitive sensitivity according to

this metric (Accurate Calibrated adviser type 2 AROC = 0.72; Inaccurate Calibrated

adviser type 2 AROC = 0.84).

We formalised an adviser’s informational value as the mean absolute information

gained after each possible social event with that adviser, with social events being

“Confident disagreement”, “Unconfident disagreement”, “Unconfident agreement”,

“Confident agreement” (where “Confident” and “Unconfident” refer to the level of

confidence expressed by the adviser on that trial). Information gain is the difference

between the posterior and prior probability of participant’s correct response:

IG = p(d = w|e)− p(d = w) (2.1)

where posterior probability correct p(d = w|e) represents the probability that the



2.2 Experiment 1 49

decision d is equal to the correct decision w, conditional on the advice received. e

represents one of the four possible social events: the adviser (1) confidently disagrees,

(2) unconfidently disagrees, (3) unconfidently agrees, (4) confidently agrees. Posterior

probability p(d = w|e) was computed with Bayes’ theorem and was proportional to

participant’s prior probability correct p(d = w) and the likelihood of the social event

given participant’s accuracy p(e|d = w). Given the staircase procedure, we used

70% as prior p(d = w). The probability of agreement (or disagreement) conditional

on correct response and the overall probability of agreement (or disagreement) were

known by design. The mean absolute information gain so computed (Table 2.1) was

lowest for the Inaccurate Uncalibrated adviser (0.08), intermediate for the Accurate

Calibrated and Accurate Uncalibrated advisers (0.29 and 0.26 respectively) and the

highest for the Calibrated but Inaccurate adviser (0.38). This can be intuitively

understood by looking at Table 2.1. Although the Inaccurate Calibrated adviser’s

accuracy rate is lower than the Accurate Calibrated adviser, outcomes can be better

predicted by its judgment. In particular, its judgments correlate strongly positively

when sure and strongly negatively when unsure with the correct answer. On the

contrary when the Accurate Calibrated adviser is unsure there is a much higher

uncertainty about the final outcome. We also computed an expected information

gain IGe for each adviser (Table 2.1) by scaling IG by the overall probability of each

event:

IGe = IG ∗ p(e) (2.2)

where p(e) is the overall probability of each social event (i.e. Confident disagree-

ment, Unconfident disagreement, Unconfident agreement, Confident agreement). The

expected information gain captures the idea that extremely informative but very un-

likely events are not very valuable. IGe values for each adviser were: Accurate Cali-

brated = .063, Accurate Uncalibrated = .063, Inaccurate Calibrated = .084, Inaccu-
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rate Uncalibrated = .021; again suggesting that the Inaccurate Calibrated adviser’s

advice was the most informative.

Measures of interest

Two measures of interest were assessed to understand how different advice profiles

affected their perceived reliability. The first was the explicit trust that participants

expressed in the advisers. Every two blocks participants answered a brief question-

naire about their explicit opinions about the four advisers. Four questions asked

participants to directly rate on a scale from 1 (“Not at all”) to 50 (“Extremely”)

how much they thought each adviser was accurate (Q1), confident (Q2), trustworthy

(Q3) and influential on their own choices (Q4). The first questionnaire was presented

immediately after the practice blocks but before any interaction with the advisers

took place to provide a baseline measure. Baseline ratings were removed from fol-

lowing ratings to account for confounding factors related to advisers’ appearance and

inter-individual differences in the use of the scale. A principal component analysis

(PCA) was performed for dimensionality reduction on normalised difference scores

and the first component was taken as a unitary measure of expressed trust. Question

loadings for the Feedback group were: Q1=.52, Q2=.44, Q3=.50, Q4=.52. Loadings

for the No-Feedback group were: Q1=.51, Q2=.39, Q3=.54, Q4=.52.

The second measure of interest was an implicit index of adviser’s influence on

participant’s opinions, quantifying participant’s confidence changes from pre- to post-

advice:

δC = Cpost − Cpre. (2.3)

where Cpre is an integer value between +1 and +5 and Cpost is an integer value

between -5 and +5 (negative Cpost representing changes of mind). Positive δC values

mean increases in confidence from pre- to post-advice and negative values represent
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decreases in confidence. Notice that δC values have a negative skew, ranging from

-10 (moving from highest confidence in one judgment to highest confidence in the

opposite judgment) to +4 (moving from lowest to highest confidence rating for a sin-

gle judgment). Agreement and disagreement trials have typically opposite effects on

confidence change: agreement usually leads to increases in confidence while disagree-

ment to confidence decreases. The absolute magnitude of confidence shifts in both

agreement and disagreement trials can be expected to grow larger as the participant

makes more use of the advice received. Thus a unitary measure of influence was

obtained by subtracting average δC in disagreement from average δC in agreement:

I = δ̄aC − δ̄dC (2.4)

where I assumes greater values as participant’s confidence increases in agreement

and confidence decreases in disagreement become larger. All the following analyses

were performed in MATLAB (The MathWorks Inc., 2016) and R (R Core Team,

2014).

Exclusion criteria

An exclusion criterion was a priori set for staircase convergence. Participants who

showed progressively increasing thresholds (i.e., increasing d values across the exper-

iment) were eliminated as this indicated that they were randomly guessing. None of

the participants had to be removed when this criterion was applied to our sample.

At the end of the experiment the average difficulty parameter d across participants

(pooled data) was 9.6± 2.81.

Results

The following analyses were performed to show that participants were sensitive to all

advice dimensions that were manipulated within participants, namely accuracy rate,

calibration and advice confidence. Of particular interest is to know whether these
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main effects vary as a function of the feedback presence (i.e., the between-participants

manipulation). If the pattern of trust and influence changes as a function of feedback

presence vs. absence, this would indicate that different advice dimensions are made

more or less salient by the presence of feedback. An interaction with feedback would

then indicate that the trial-level feedback is important to appropriately evaluate one’s

advisers. These questions were investigated through the analysis of both explicit trust

ratings and implicit influence I measure. Given that in all analyses time was not a

significant factor (e.g., when data were pooled across 10 successive blocks to give a

factor of time-on-task with 5 levels), the data from all blocks were collapsed together.

Trust ratings

Between-participants analyses. A first analysis focused on participants’ explicit

ratings of adviser reliability that participants provided at the end of every second

experimental block. Ratings were converted into a unitary measure of trust, af-

ter preprocessing steps involving normalisation, baseline correction and PCA as de-

scribed above. A mixed-design ANOVA was run to test whether feedback (between-

participants), adviser accuracy (within-participants) and adviser calibration (within-

participants) affected explicit trust ratings. Results showed significant main effects

for adviser’s accuracy (F (1, 44) = 9.68, p = .003, η2
G = 0.079) and adviser’s calibration

(F (1, 44) = 12.32, p = .001, η2
G = 0.076), but not for feedback (F < 1). Participants

trusted accurate over inaccurate advice and calibrated over uncalibrated advice. No

interaction term reached significance (F (1, 44) < 1.9, p > .16). Importantly, neither

of the main within-participants effects interacted with feedback, suggesting that par-

ticipants were sensitive to the reliability of the advice and that this sensitivity did

not depend on the presence or absence of feedback (Figure 2.2).
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Figure 2.2: Average trust measure in the two feedback groups as a function of adviser
accuracy and calibration. Error bars represent s.e.m.

Feedback Condition. We next ran separate analysis for each feedback group in-

dividually to identify specific patterns within each group. The trust measure ob-

tained from participants receiving trial-by-trial feedback was subjected to a two-

way ANOVA with factors adviser accuracy (low vs. high) and adviser calibration

(low vs. high). The analysis revealed reliable main effects of both adviser accuracy

(F (1, 22) = 8.26, p = .008, η2
G = .09) and adviser calibration (F (1, 22) = 8.71, p =

.007, η2
G = 0.12), but no reliable interaction (F (1, 22) = 1.24, p = .27, η2

G = .02). As

shown in Figure 2.2 left panel, when objective feedback is provided on a trial-by-trial

basis, trust is determined by both the average accuracy of the advisers but also the

confidence-to-accuracy calibration.

No-Feedback Condition. I then looked at the data from the No-Feedback group,

where participants could not form an opinion about their partners based on objec-

tively reliable feedback. A 2x2 ANOVA on adviser accuracy (low vs. high) and cali-

bration (low vs. high) showed that both main effects of accuracy (F (1, 22) = 3.42, p =

.07, η2
G = 0.06) and calibration (F (1, 22) = 4.03, p = .05, η2

G = 0.04) were marginally

significant. The interaction term was not significant (F < 1). Importantly however

the results do not show a radically different pattern from the Feedback group, sug-
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gesting that participants were able to distinguish advisers based on other non-explicit

cues.

Influence

Between-participants analyses. Figure 2.3 plots averaged influence (I), the im-

plicit measure of learning about adviser reliability. These results were analysed us-

ing a mixed-design ANOVA with the same factors of feedback presence (between-

participants), adviser accuracy rate and calibration (both within-participants). For

the influence measure an extra within-participants factor was represented by the

confidence expressed by the adviser. While both adviser’s accuracy and calibration

are “trait” variables (with values low vs. high), advice confidence is a trial-by-trial

“state” variable (also with values low vs. high). Results showed significant main

effects of adviser’s accuracy (F (1, 44) = 14.80, p < .001, η2
G = 0.02) and calibration

(F (1, 44) = 15.84, p < .001, η2
G = 0.01), mirroring the observed effects of adviser relia-

bility seen for explicitly expressed trust. A reliable main effect of adviser’s confidence

(F (1, 44) = 55.82, p < .001, η2
G = .12) indicated that more confidently expressed ad-

vice had greater influence. There was a significant interaction between calibration

and adviser confidence (F (1, 44) = 9.62, p = .003, η2
G = 0.004) indicating that the

greater influence of calibrated advice over uncalibrated advice was larger when ad-

vice was expressed confidently rather than with uncertainty. The results showed also

a significant 3-way interaction between adviser’s accuracy, calibration and confidence

(F (1, 44) = 4.75, p = .03, η2
G = 8.5e − 04), indicating that the two-way interaction

between calibration and confidence was larger for inaccurate advisers than accurate

ones. Importantly, there was no reliable main effect of feedback (F < 1), nor any

reliable interaction between feedback and any other main effects (all F (1, 44)s < 1.1)

suggesting again that participants’ sensitivity to adviser reliability, here expressed in

terms of the influence of their advice, did not depend significantly on the provision

of trial-by-trial feedback.
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Figure 2.3: The figure shows the effect of adviser accuracy, advice confidence and
calibration, and feedback group on influence measure I, which reflects the difference
in confidence on trials with agreement vs. disagreement with each adviser. Error bars
represent s.e.m.

Feedback Condition. We then looked at each feedback group individually to iden-

tify specific patterns within each group. A three-way repeated measures ANOVA on

the influence measure I for participants in the Feedback condition with factors ad-

viser’s accuracy, adviser’s calibration and advice confidence showed significant effects

for accuracy (F (1, 22) = 8.23, p = .008, η2
G = 0.02), calibration (F (1, 22) = 6.35, p =

.01, η2
G = .03) and advice confidence (F (1, 22) = 32.92, p < .001, η2

G = 0.18). A two-

way interaction was found between adviser’s calibration and confidence (F (1, 22) =

7.37, p = .01, η2
G = .008) but not between accuracy and calibration nor accuracy

and advice confidence (both F < 1). As shown in Figure 2.3, the interaction term

represents the fact that the average influence difference between calibrated and uncal-

ibrated advisers was mainly shown for highly confident advice compared to uncertain

advice. Finally a reliable three-way interaction between accuracy, calibration and ad-

viser’s confidence (F (1, 22) = 8.32, p = .008, η2
G = .003) suggests that such interaction

was stronger for inaccurate advisers than accurate ones (Figure 2.3).



56 A Judge-Adviser Paradigm

No-Feedback Condition. I then turned to analyse influence differences in the No-

Feedback condition. A 2x2x2 ANOVA showed main effects for advisers’ accuracy rate

(F (1, 22) = 6.87, p = .01, η2
G = .02), calibration (F (1, 22) = 9.48, p = .005, η2

G = .01)

and advice confidence (F (1, 22) = 22.95, p < .001, η2
G = .07). The results show

that participants were more influenced by accurate and calibrated advisers, and by

confident advice compared to unsure advice, paralleling the effects observed when

feedback was provided. None of the two-way interaction terms reached significance

(Accuracy rate x calibration: F (1, 22) = 1.35, p > .25, η2
G = .001; accuracy rate x

advice confidence: F (1, 22) = 2.90, p = .1, η2
G = .002; calibration x advice confidence:

F (1, 22) = 2.59, p = .12, η2
G = .001), and nor was the three-way interaction (F < 1).

Similarly to the Feedback case, albeit not significant, greater effects of confidence

were found for calibrated advisers.

Discussion

The current experiment was an implementation of the classical Judge-Adviser system

paradigm (Sniezek & Buckley, 1989; Yaniv & Kleinberger, 2000), in which a partic-

ipant is asked to form a judgment, then is presented with the opinion of a social

partner and is finally asked to provide a final answer. It differs from previous stud-

ies in the literature in that it uses highly controlled stimuli for the decision to be

based upon, to provide precise control over the amount of information presented to

the participants. Furthermore the use of computerised advisers similarly allows a full

control over variables of interest, including accuracy rate, calibration and expressed

confidence. The results provide evidence that the presence or absence of objective

feedback had little consistent effect on participants’ estimates of advisers’ reliability.

This was the case both when looking at explicit reports of trust, as prompted by our

questionnaires, as well as when looking at more subtle measures of implicit advice

influence on opinion change.
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The high degree of control over variables of interest allowed us to have partic-

ipants with different sensitivities in the primary perceptual task converging to the

same accuracy rate. This ensured that advice was equally useful for all participants.

It also allowed us to know in advance the expected accuracy rate of each participant

and thus to formally estimate the information that the participant could have gained

by listening to the advice. The fact that advisers did not differ in terms of the number

of times they expressed confident vs. uncertain advice excludes the possibility that

participants relied on adviser’s over- or under-confidence to form a stable opinion

about adviser’s reliability (Price & Stone, 2004).

Participants seemed to trust more, and be more influenced by, advice charac-

terised by high confidence, high accuracy and high calibration. Although the first two

dimensions are not a surprise (Sniezek & Van Swol, 2001), the fact that participants

also value advice calibration is not as well documented. Tenney et al. (2007) showed

that in mock jury decisions confident but inaccurate witnesses are discredited more

and more quickly than equally inaccurate but less confident ones. Sah et al. (2013)

further confirmed that when feedback is readily available confident but incorrect ad-

vice backfires on the adviser’s reputation. However when feedback was not available

the same authors found evidence for a confidence heuristic (Price & Stone, 2004)

whereby confident advisers were more influential regardless of accuracy. The current

study extends this literature in two respects. First, it replicates in a highly controlled

perceptual task setting the finding that judges value adviser’s calibration. By al-

lowing repeated interactions with the same advisers and by fixing advisers’ average

expressed confidence, the current paradigm was able to quantify advice calibration

and show that people value it over and above confidence. Secondly, it shows that peo-

ple trust more, and are more influenced by, calibrated advisers even when feedback

is removed but advisers could not be distinguished based on a confidence heuristic

(Price & Stone, 2004; Sah et al., 2013).
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Participants were sensitive to the same dimensions of advice both with and

without feedback, although effects of adviser accuracy and calibration on explicit trust

ratings were only marginally significant in the No-Feedback condition. This raises the

question of what cues participants must have used to estimate advice reliability in the

absence of objective feedback. Two alternative explanations are here offered. One

possibility is that people simply use the agreement rates of their partners; i.e., how

often the adviser agrees with one’s own judgment. This follows the intuition that

agreement tends to correlate with accuracy assuming independent observations. As

an example, consider two perfectly accurate partners performing the task and sharing

their views. They will agree on 100% of the trials due to their perfect detection of

the correct stimulus. On the other side two partners who are at chance have an

expected agreement rate of 50%. This hints to the fact that people could in principle

use agreement rate as a heuristic cue for reliability (assuming their performance is

above chance1) and thus overcome the absence of objective feedback.

An alternative explanation is that people solve the task using a more nuanced

strategy. Internal sense of confidence is also another variable that is known to co-

vary with objective accuracy (Henmon, 1911; Koriat, 2012b; Roediger III et al., 2012).

In many perceptual tasks, people are known to be more likely to give a correct answer

when their confidence is high compared to when they are uncertain. Thus participants

in the current task might have been able to associate the trial-by-trial variability in

their internal confidence with the advice received and so form an estimate of each

partner’s reliability. Thus a more nuanced model of trust formation would not only

take into account raw agreement rates, but also its covariation with metacognitive

signals. The following Chapter will describe how to disentangle these two alternative

explanations using two simple models of trust formation in judge-adviser systems.

1Indeed, any two below-chance participants will tend to agree on the wrong answer.
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Conclusions

The present paradigm was implemented to test whether people are able to detect

subtle advice differences such as its calibration in a classical Judge-Adviser System

paradigm. Specifically, it tested whether the same factors affecting trust formation

and opinion change were responsible for the behaviour observed in situations when

trial-to-trial feedback was readily available and situations when it was absent. The

results show that feedback availability had little effect on final trust formation and

opinion change, raising the question of what alternative cues may hint to advisers’

underlying reliability. Two alternatives were suggested that will be more thoroughly

explored in the next chapters. The first explanation is that people keep track of the

number of times each adviser agreed with their own judgments and use this as an im-

plicit measure of trust. The second explanation suggests that internal metacognitive

signals, like confidence, play a role in the formation of trust by weighting agreements

and disagreements by trial-level uncertainty.





3

A simple model of reliability estimation
in feedback-free scenarios

Chapter Abstract

To understand how metacognitive signals might be used to build representations of

advisers’ reliabilities, I compare different variants of a parameter-free model that ac-

cumulates evidence over learning based on different cues associated with each adviser.

When feedback is available on every trial, an Accuracy model can use objective feed-

back to simply count the proportion of correct answers each adviser gives. This base

variant provides a baseline against which to compare other special cases. When no

feedback is available on the contrary two variants of the baseline model, the Con-

sensus model and the Confidence model, use non-metacognitive and metacognitive

proxies, respectively, to estimate the reliability of each adviser. In this Chapter the

variants are presented and compared to the behavioural data of Experiment 1. Their

different behaviour will however become apparent only in the experiments presented

in the next Chapter.

61
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Model Description

Experiment 1 showed that people are sensitive to similar dimensions in the advice

they receive both when objective feedback is available and when it was not provided.

But so far it is unclear what cues people are following to estimate their partners’

reliability when feedback is taken away. Two simple explanations can be offered. The

first one is that different advisers agreed differently often with participants and this

in turn was taken as an indicator of good performance. In a binary choice task, if

we assume that two people’s judgments are independent, agreement rate between the

two will scale linearly with the accuracy of each individual as long as performance

is above chance. Given that participants knew their performance was greater than

50% because they received a summary feedback at the end of each block, they might

have used raw agreement with their partner as an indicator of the partner’s good

performance. Thus, accumulating the number of agreement events over time for each

individual adviser separately allows a participant to form a stable opinion about the

other person’s underlying accuracy.

An alternative strategy participants could have used is to accumulate over time

the estimated probability of the advice being correct on a given trial. This quantity

could be generated based on the internal metacognitive signals of confidence, which is

a noisy representation of the uncertainty associated with a given perceptual judgment.

In other words, given that confidence in a decision is a probabilistic representation of

the correctness of one’s own decision, it can also be used to estimate the likelihood

that the advice received is correct or incorrect. Accumulating such evidence over time

can help a decision maker to estimate the reliability underlying advice whenever more

secure signals are not available.

To formalise such hypotheses we implemented a simple model that uses different

pieces of information depending on different experimental conditions to estimate ad-

visers’ reliability. This simple model can then be compared with human observers to

provide insight into the strategies they are using to evaluate advice reliability.
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Three different model variants are described below that account for the Feed-

back condition, the No-Feedback condition without metacognitive insight and the

No-Feedback condition with metacognitive insight respectively. These models were

applied to the data from Experiment 1 to generate estimated reliability of the four

advisers (Accurate Calibrated; Accurate Uncalibrated; Inaccurate Calibrated; Inac-

curate Uncalibrated) according to these three strategies, based on the actual sequence

of events experienced by the participants, in terms of their initial judgment and con-

fidence, whether the adviser agreed or disagreed with this judgment, and whether

objective feedback was present and, if so, whether it indicated that the participant

and/or adviser had made the correct choice.

Accuracy Model

When objective feedback is given to participants by the experimenter, the model

can use it to infer the accuracy rate of its advisers. The accuracy of the adviser

(Acc = {0, 1}) is the same as the accuracy of the participant in agreement trials,

while is opposite in disagreement. By counting correct and error rates for each adviser

separately, the model obtains a trial-by-trial estimation of the adviser’s accuracy rate,

θ, as the ratio between the number of adviser’s correct trials and the total encounters

with that adviser:

θi =
αi

αi + βi
(3.1)

where αi and βi are the correct and error counts respectively, during the past

trials with adviser i:

αi =
n∑

t=1

Acct (3.2)

βi =
n∑

t=1

1− Acct (3.3)
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t = 1 here represents the first encounter with adviser i while t = n represents

the last one. A slight complication in Experiment 1, however, is that advisers also

provided a binary confidence judgment associated with the advice. A simple way for

the model to make use of adviser’s confidence is by treating it as a linear scaler of

the advice received. We applied a set of arbitrary weights to the four possible advice

scenarios, namely the adviser is (1) correct and confident, (2) correct but unsure, (3)

incorrect and unsure and (4) incorrect but confident (Table 3.1). Although arbitrary,

any set of weights that preserves the order of such events would result in similar final

adviser preferences.

Event Observed

Inaccurate Inaccurate Accurate Accurate
Confident Unsure Unsure Confident

Feedback -1 -0.5 +0.5 +1

Disgree Disagree Agree Agree
Confident Unsure Unsure Confident

No-Feedback -1 -0.5 +0.5 +1

Table 3.1: Model weights (w) applied to different advice events observed in the Feed-
back and No-Feedback scenario.

Thus instead of simple accuracies α and β in equations 3.2 and 3.3 can now be

reformulated as:

αi =
n∑

t=1

.5 + .5 ∗ wt (3.4)

βi =
n∑

t=1

.5− .5 ∗ wt (3.5)

This set of equations results in values of 1, 0.75, 0.25 and 0 for the four events

listed above respectively. Although these values could be simply summed to obtain

α and β values, the unusual formulation of the equations 3.4 and 3.5 was preferred

to be coherent with the equations describing the following models. They show how a
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simple model can take into account feedback, advice received and advisers’ expressed

confidence to track over time the objective reliability of its advisers.

Consensus Model

When feedback is removed from the participants, as in the No-Feedback condition of

Experiment 1, the model does not have access to the advisers’ objective accuracy. It

must then rely on different proxies for objective accuracy and integrate those instead

over time. The first cue to underlying accuracy rate we considered is agreement rate.

When two independent agents express judgments on a binary task, the agreement rate

between the two linearly scales with the accuracy of each whenever the accuracy rate

is higher than chance: Agr = Acc1∗Acc2+(1−Acc1)∗(1−Acc2). We thus adapted the

equations of the Accuracy model above to exploit this covariation. Instead of tracking

the accuracy rates of its advisers, the Consensus model tracks their agreement rates

with subjective judgments. Thus equations 3.4 and 3.5 can be used to estimate a θ

value by now using as wt the scaled agreement observed on encounter t as described

in Table 3.1. To take into account the fact that in Experiment 1 advisers expressed a

binary confidence judgment themselves associated with the advice, we used the same

linear weights applied to the Accuracy model also to scale agreement (Table 3.1). In

other words this model perfectly conflates accuracy with agreement, assuming that

whenever an adviser agrees with the subjective original judgment, the adviser must

be correct. Although this clearly is a simplifying assumption, the model offers a useful

proof of concept to understand what inferences an agent lacking metacognitive insight

can make simply by using heuristics. It can thus provide a benchmark to quantify

the information that is present in the advice received.

Confidence Model

A more nuanced strategy that could be employed to estimate advisers’ reliability

when feedback is not directly available is through use of internal metacognitive sig-

nals. Trial-level variability in subjective confidence is known to covary with objective
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accuracy in a perceptual task (Henmon, 1911) and it theoretically represents the es-

timated likelihood of having made a correct judgment and/or selected the correct

response (Pouget et al., 2016). Thus, instead of simply using agreement rates as a

cue for accuracy rate, a model endowed with metacognitive insight could accumulate

over time the subjective probability that an adviser expressed a correct judgment. A

Confidence model was created under the assumption that the trial-by-trial subjective

reports of confidence are directly related to the true underlying estimated probabil-

ities of having chosen the correct answer. On agreement trials the model estimates

the probability of the advice being correct as the subjective probability of a correct

answer. Conversely on disagreement trials the model estimates the probability of

the advice being correct as the probability of having itself made an error. In other

words trial-level agreement (Agr = {0, 1}) is scaled by trial-confidence expressed as

a probability over outcomes (correct vs. incorrect response). Thus equations 3.4 and

3.5 above become according to this model:

αi =
n∑

t=1

.5 + (pt(corr)− .5) ∗ wt (3.6)

βi =
n∑

t=1

.5− (pt(corr)− .5) ∗ wt (3.7)

where wt represents the scaled trial-level agreement as described in Table 3.1 and

p(corr) represents pre-advice confidence. As described below, rather than taking

participants’ confidence as a pure index of subjective p(corr), we transformed the

value to (1) reduce inter-participants variability and (2) increase scale sensitivity.

Regardless, the crucial point is that this model capitalises on the fact that being in

agreement or disagreement with an adviser is more informative when the model is

itself confident that it gave a correct answer than when it is more likely to have made

a mistake.
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Bayesian update

All model variants can use the current estimated adviser’s reliability θ to appropriately

update the pre-advice probability of having selected the correct answer p(corr) into a

normative posterior, based on the binary advice received A (agree=1 vs. disagree=0):

p(corr|Ai) =
p(corr)p(Ai|corr)

p(corr)p(Ai|corr) + p(err)p(Ai|err)
(3.8)

where p(err) is the subjective probability of making a mistake on the current

trial and p(Ai|corr) is the probability that adviser i agrees (A = 1) or disagrees

(A = 0) given that the participant’s choice is correct. Prior probability p(corr) is

estimated from a simple linear transformation of the pre-advice trial-level confidence

data obtained from the participants after appropriate pre-processing. Pre-processing

consisted of a parameter-free transformation that (a) brings all subjective confidence

distributions on to a similar scale thus reducing the inter-participant variability and

(b) expands the centre of subjective distributions so to increase the informativeness

of the average trial. This operation was inspired by recent models of adaptive infor-

mation gain control (Cheadle et al., 2014). According to these proposals, the brain

adapts the gain of neuronal firing to the range of information available over different

time scales and cognitive domains (Carandini & Heeger, 2011; Cheadle et al., 2014).

Here it serves the purpose of increasing the discriminability or information gain of

different trials so that trials that are close together on confidence scale gets pulled

apart on to a probability scale. The transformation uses parameters obtained from

the data:

Ĉpre = N ∗ normcdf(Cpre) (3.9)

where normcdf(C) is the normal cumulative density function of the pre-advice

confidence C ratings distribution, and N is the number of confidence ratings available

on each interval of the scale (in Experiments 1,2: N = 5; in Experiment 3: N = 50).
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This simple transformation has the property of translating a normal distribution into

a uniform distribution in the range [0, N ]. Notice that this transformation does not

affect the ranking of confidence judgments but only their spacing along a probability

scale. After pre-processing, confidence ratings were translated into a probability scale

with the linear transformation:

p(corr) = 0.5 + (0.1− ε) ∗ Ĉpre (3.10)

where ε is a small jitter (ε = .002) introduced to avoid maximum confidence

ratings being turned into probability of one and zero, which would in turn cause

inconsistencies within the Bayesian formula (e.g., no confidence change regardless

of advice reliability). Thus p(corr) represents trial-level confidence on a probability

scale, which can be interpreted as the probability that the participant assigns to

having given a correct answer on a given trial. From p(corr) we can also derive the

subjective probability that a given trial will end up in an error: p(err) = 1− p(corr).

To estimate the likelihood term p(Ai|corr) in equation 3.8 we applied a simple

heuristic that uses the reliability θ of a given adviser:

p(Ai|corr) = θA ∗ (1− θ)1−A (3.11)

The equation above simply states that the probability of observing adviser i’s

agreement (Ai = 1) when the participant is correct is equal to the accuracy rate of

the adviser itself. This follows from the fact that the adviser’s and the participant’s

judgments are independent of each other. Instead the probability of observing dis-

agreement (Ai = 0) on the same trials is the adviser’s error rate. In other words, the

probability of agreement in trials when the participant is correct is the probability

that the adviser too is correct. Similarly the probability of disagreement in trials

when the participant is correct is equal to the probability that the adviser is wrong.
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Results

The three variants of the Bayes update model were trained on the data collected for

Experiment 1. Analysis looks at how the different variants of the model fared in eval-

uating different advisers’ profiles. The final theta values for each adviser were plotted

to compare different model variants’ against each other. The aim of this analysis was

to verify how the model’s estimates of the reliability of its advisers differed when dif-

ferent pieces of information were used to compute θ. For this analysis data from the

Feedback and No-Feedback groups were pooled together as the presence of feedback

did not reliably affect the variables that model variants were based on, namely advis-

ers’ accuracy rates, agreement rates and participant’s pre-advice confidence ratings

respectively. The weights for all model variants were set according to Table 3.1.

Confidence changes predicted by the model could have been used to plot the

model’s implicit trust in the advisers in a manner similar to what already shown

with the behavioural data. However, contrary to θ values, confidence changes are

an implicit measure of trust and they are affected not only by the value assigned to

an adviser but also by the pre-advice confidence of that trial. Thus, although the

two measures are related, θ represents a direct measure of the model’s belief about

advisers’ reliability (a trial-by-trial measure that is unfortunately not available in the

human data).

Accuracy Model

The Accuracy variant of the model was first tested on the data collected for Experi-

ment 1. This variant uses each adviser’s counts of correct and error trials to estimate

adviser reliability. Results are shown in Figure 3.1 below. The Accuracy model final

θ values, i.e., the model’s reliability estimates on the last trial of the experiment, were

passed through a 2x2 repeated measures ANOVA with factors of adviser’s accuracy

(high vs low) and adviser’s calibration (high vs. low). Results show a significant
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effect of adviser’s accuracy (F (1, 45) = 1.21e + 16, p < .001, η2
G = 1) and calibration

(F (1, 45) = 6.55e + 15, p < .001, η2
G = 1) and a significant interaction between the

two (F (1, 45) = 7.28e + 14, p < .001, η2
G = 1). The fact that for each participant

the number of social events were determined a priori (Table 2.1) and that the model

used only pre-determined variables that were equal for all participants led to a lack of

variability across participants in the dependent variable θ. However the results show

that when the model was provided with information about the objective performance

of the participant (and thus of the advisers), it was able to distinguish advisers both

in terms of their accuracy rate and their confidence calibration.
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Figure 3.1: Average estimated adviser reliability (θ) according to different variants
of the Bayesian model computed from the data of Experiment 1. Notice the different
scale on the y-axis. Error bars represent s.e.m.
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Consensus Model

Next we tested on the same data the Consensus model’s reliability values assigned to

the advisers. This variant of the model differs from the previous one in the sense that

it does not have access to the objective accuracy of the participant, nor consequently

of the adviser. It estimates partners’ reliabilities by assuming that if an adviser

agrees with the participant, the adviser must be correct. Because this model variant

conflates agreement with accuracy, different ranges of θ values are output compared

to the Accuracy variant (and to the Confidence one), as shown by the different scales

of the y-axes in Figure 3.1. This is due to the fact that agreement rates tend to be

lower than accuracy rates1. Scaling factors were applied to agreement to take into

account the fact that advice was associated a confidence judgment. The resulting θ

values from the end of the experiment were passed through a 2x2 repeated measures

ANOVA with factors adviser’s accuracy (high vs low) and calibration (high vs low).

Both a significant effect of accuracy (F (1, 45) = 165.84, p < .001, η2
G = .44) and

calibration (F (1, 45) = 14.78, p < .001, η2
G = .07) were found but no significant

interaction between the two (F (1, 45) = 2.49, p = .12, η2
G = .01). The results suggest

that in the absence of externally given objective feedback, a model could detect small

variations in advisers’ confidence calibration as well as accuracy rates by simply using

weighted agreement rates. Notice that advisers were not constrained to agree with

the participant a pre-determined amount of times, thus explaining the variability

observed in the dependent variable.

Confidence Model

Finally we tested how the Confidence variant of the Bayesian model would have per-

formed in assigning value to each partner’s advice. Like the Consensus variant, the

Confidence variant of the model does not have access to adviser’s objective accuracy

1For example, two agents with an accuracy of 70% will tend to agree only 0.32 + 0.7=58% of the
times, assuming their judgments are independent.
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and must use agreement rates instead. Contrary to the Consensus variant, however,

it scales trial-level agreement by the subjective probability given by the participant

to the adviser decision. For example, instead of simply assigning a value of 0 to a dis-

agreement trial, this model variant assigns a value of 20% if the subjective confidence

is 80%, a value of 30% if the subjective confidence is 70% and so on. As with the

other models, final θ values were passed through a 2x2 repeated measures ANOVA

with factors adviser’s accuracy (low vs. high) and calibration (low vs. high). Results

show a significant effect for both accuracy (F (1, 45) = 209.71, p < .001, η2
G = .50) and

calibration (F (1, 45) = 32.70, p < .001, η2
G = .13) but no significant interaction be-

tween the two (F (1, 45) = 2.65, p = .11, η2
G = .01). Results show that the Confidence

model puts more trust in accurate and calibrated advisers compared to inaccurate

and uncalibrated ones. Thus also a model endowed with access to trial-level metacog-

nitive insight is able to perform well at this task and effectively replicate the results

both observed in the human data and in the Accuracy model.

It thus seems that, at least for Experiment 1, the three models do not make

contradictory predictions on which advisers should be trusted. In particular the

two No-Feedback models cannot be disentangled using the data collected from this

experiment, with both showing sensitivity to both accuracy and calibration of an

adviser. This is due to the fact that in the present experiment accuracy, agreement

rates and confidence are positively correlated. In the next Chapters however, it will

become clearer how - when decorrelating these three variables - the different model

variants make different predictions.

Discussion

In this chapter I have introduced a model of the Judge-Adviser task studied in Exper-

iment 1. The model uses available information, depending on condition and metacog-

nitive access, to build over time an estimate of the reliability of each adviser θ. The
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results above show that the three variants of the model all trusted accurate advisers

more than inaccurate ones, and trusted calibrated advisers over uncalibrated ones,

just as did the participants in Experiment 1. In the case of Experiment 1, the three

variants do not make different predictions on which advisers should be trusted more.

This is particularly important for the two No-Feedback variants of the model, as this

makes impossible to disambiguate between the two alternative explanations outlined

to explain the results of Experiment 1.

Different models could be compared according to standard AIC/BIC criteria

to formally check which model was more likely given the pattern of trust ratings

and advice influence shown by human participants. This approach was not however

preferred given that different model variants produced different scales in θ value range.

The fact that different models computed θ values as accuracy rates, agreement rates

and weighted agreement rates respectively, made the variants predict very different

posterior confidences, thus making model comparison difficult.

Conclusion

Experiment 1 showed that human observers can overcome the absence of external

objective feedback and still form an accurate opinion about their partner profiles,

but did not distinguish between alternative explanations of this finding. The mod-

elling here demonstrates that calculating agreement rates and weighting agreement

by subjective confidence seem to be similarly effective strategies that can produce

estimates of adviser reliability that are similar to those generated when objective

feedback is provided. The reason for this is that both agreement and subjective con-

fidence covary with accuracy. Thus, both are useful clues, and the two are difficult to

disentangle. To disambiguate between the two hypotheses, one needs to orthogonally

manipulate (1) advisers’ agreement and accuracy rates and (2) advisers’ agreement

rates and subjective confidence. Under these conditions, the different model variants
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are expected to produce different results. A measure of participants’ (and models’)

opinions about the different advisers so created would be then more informative and

could in principle tease these two explanations apart. The next Chapter describes

two experiments that were conducted with this purpose in mind.





4

Disentangling two alternative
hypotheses

‘Whenever people agree with me I always feel I must be wrong.’

– Oscar Wilde

Chapter Abstract

People’s judgments are rarely independent. We watch the same news, browse the same

websites and are affected by the same cognitive biases. This is likely to influence the

extent to which opinions agree or disagree with each other and the information carried

by other people’s consensus. Two experiments are described in which we manipulated

virtual advisers’ agreement and accuracy rates (Experiment 2) and different agree-

ment patterns conditional on participants’ judgments (Experiment 3). The results of

Experiment 2 show that when feedback is available on every trial, both agreement

and accuracy are valued in social partners, but that agreement trumps accuracy when

feedback is removed, although both seem to be relevant advice dimensions for trust

formation. Experiment 3 was designed to isolate the effect of one’s own confidence

on advice perception from the stronger effect of agreement. In this experiment, three

advisers were equal in terms of agreement and overall accuracy, but their agreement

probability was conditional on the participant’s initial choice and confidence, as if

they differed in the extent to which they relied on the same information or biases as

77
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the participant in their decisions. Results show that simple agreement rate per se

cannot explain the pattern of explicit trust judgments and confidence change that are

observed in the data. The model presented in Chapter 3 is here adapted to the new

data. A Confidence model that weighs agreement by internal confidence provides a

better fit to human behaviour than a simple Consensus model.
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Introduction

The Wisdom of Crowds (WoC) effect (Galton, 1907; Surowiecki, 2004), whereby ag-

gregation of individual opinions results in better-than-expert performance, is often

cited as the archetype of collective intelligence. The classic explanation of the effect

is that individual judgments are the sum of a signal component and random noise.

Averaging individual judgments has the effect of enhancing signal by averaging out

noise, in a similar way as repeated measures in statistics (Armstrong, 2001). But

individuals’ opinions are rarely independent and/or distorted only by random noise

(Koriat, 2012b; Krause, Ruxton, & Krause, 2010). People often rely on similar knowl-

edge sources and are affected by the same cognitive biases (Tversky & Kahneman,

1974). Crowds are known to be susceptible to large error cascades (Le Bon, 1895;

Mackay, 1841), economic bubbles (De Martino et al., 2013), polarisation (Myers &

Lamm, 1976) and groupthink (Janis, 1972; Turner & Pratkanis, 1998). A hypothe-

sis is that these examples of error magnification are due to judgment independence

breaks.

My investigation started with the puzzle of how, and how reliably, people infer

the usefulness of advice in the absence of objective feedback. Experiment 1 showed

that people can make subtle distinctions reliably, such that there were no statistically

reliable differences in trust and influence with and without feedback. Two model

variants capture this effect. One estimates advice reliability in terms of sensitivity to

consensus, while the other uses confidence as an internal feedback signal. Crucially,

however, both models rely on the association between accuracy and agreement. When

judgments are independent, greater agreement rates are observed among accurate ob-

servers rather than inaccurate ones. Experiments 2 and 3 aim to extend this approach

with two related goals. First, we want to explore the inherent limitations in consensus

and confidence-based estimates of reliability. Second, we want to distinguish between
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different predictions of the Consensus and Confidence models and compare these to

the observed human behaviour. Key to both aims is breaking the independence of

initial participants’ judgment and advice. In Experiment 1, these were independent

and participants judged evidence reliability regardless of feedback. Here we directly

manipulate dependencies between participant’s judgment and advice received and

two main predictions can be made. First, this manipulation will lead to predictable

distortions in trust and influence, that differ from objective reliability of feedback.

Second, the patterns of trust and influence are best captured by a Confidence model.

Understanding of these phenomena promises to shed light onto real-life situations

were people are affected by the same errors (Koriat, 2012b; Krause et al., 2010).

Experiment 2

This experiment investigates the question: Do we trust accurate people or people who

tend to agree with us? Experiment 1 showed that people are able to detect subtle

variations in the reliability of the advice they receive even when objective feedback

is not available on a trial-level basis. This finding raises the question of what cues

people are sensitive to in these contexts. As described in the previous chapters, the

frequency of agreement with the advice might be used as a cue to the reliability of

the advice. It is thus interesting to ask whether participants are only sensitive to

agreement rate when feedback is unavailable or instead can use subtler cues. We can

look at this question by fixing the agreement rate of the advice with participant’s

judgments and varying its accuracy.

In Experiment 2 four adviser profiles are created from the intersection of two

orthogonal dimensions: advice accuracy and advice agreement. In many daily life

situations accuracy and agreement among social agents covary whenever the infor-

mation sources are independent in their judgments. Two highly accurate individuals

will tend to agree (on the correct judgment) more often than two individuals who
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are less accurate. However, if the two judgments are not independent, the coupling

between agreement and accuracy can be broken. It is commonly assumed that judg-

ments are a mixture of signal and random errors, which can be improved by averaging

(Armstrong, 2001). But errors can also come from similar sources across observers,

thus creating dependencies between judgments. One source of dependence between

opinions can arise from the use of similar cognitive heuristics (Tversky & Kahneman,

1974). Other sources can arise from using similar strategies to sample information

from the environment (Vandormael, Herce Castañón, Balaguer, Li, & Summerfield,

2017) (e.g., in the current task, if two observers sample from the same portion of

visual field), being exposed to similar information (Kao & Couzin, 2014; Kao, Miller,

Torney, Hartnett, & Couzin, 2014) or belonging to the same network clique (Jamieson

& Cappella, 2008; Jasny, Waggle, & Fisher, 2015; Sunstein, 2001). Common error

sources may lead to greater consensus among observers but to a decorrelation from

actual accuracy (e.g., by agreeing on errors) (Koriat, 2012b).

In the present experiment, adviser’s accuracy is manipulated so that two advisers

are on average highly accurate (around 80% accuracy) and two advisers are on average

relatively inaccurate (around 60% accuracy). Orthogonally, adviser agreement rate

with the participant’s judgment is manipulated so as to create two advisers who agree

with the participant frequently (around 80% of trials) and two advisers who tend to

have a lower agreement rate with the participant (around 60%). This creates an

adviser who is highly accurate and tends to agree with the participant, an adviser

who is highly accurate but tends to disagree with the participant, an adviser who is

not very accurate but still tends to agree with the participant and one adviser who

is neither accurate or agreeing. The two intermediate profiles are an important test

case where the two dimensions of accuracy and agreement work against each other.

As highlighted above, a situation where accuracy and agreement are disentan-

gled is not simply an experimental artifice, but instead it has several implications for
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daily life scenarios. Indeed, it may be rare for two agents to be entirely independent in

their judgments outside of the lab. Equally accurate observers who share a common

bias will tend to agree more often than two individuals with differing biases but same

underlying average accuracy. Knowing what advice characteristics are made salient

by the presence of feedback can shed light on the mechanisms of trust formation and

advice influence.

In scenarios where agreement and accuracy are disentangled but feedback is

available we expect participants to be sensitive to the reliability (i.e., accuracy) of

the advice. In scenarios where feedback is absent, on the contrary, both the Consensus

and the Confidence variants of the model predict that participants will be sensitive

to the agreement rate of the advice, but only the Confidence variant predicts that

participants will also be sensitive to its accuracy.

Methods

Participants

The experiment included 46 participants equally divided between the two feedback

groups (37 females in total, 18 of whom were in the Feedback group, mean age: 21.63±

3.02). Participants were recruited through Oxford University’s online recruitment

platform and local news advertisement. Participants were compensated either with

money (10£/hour) or course credits. Prior to the beginning of the experiment all

participants signed an informed consent form. All procedures were approved by the

local ethical committee.

Paradigm

Each trial began with the dot-count task with presentation parameters as described

in Experiment 1. Participants performed ten blocks of 44 trials each. Stimulus

presentation, response modality, advice presentation and confidence update took place
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with identical modalities as described in Experiment 1. Advice was presented in the

form of a binary judgment. Advisers expressed their judgments using the sentences “I

think it was on the [LEFT/RIGHT]” and “It was on the [LEFT/RIGHT], I think”,

depending on the adviser’s opinion and a random selection of one of the two sentences

across trials. For participants in the Feedback group only, after the final choice was

confirmed, a high frequency beep sound (duration 140 ms) was played whenever the

participant’s final choice was incorrect.

At the end of every second block, a computer-based questionnaire was presented

to participants prompting them to evaluate the four advisers on a 50-point scale

(1=“Not at all”, 50=“Extremely”). Four questions investigated participants’ beliefs

about the accuracy (Q1), likeability (Q2), trustworthiness (Q3) and influence on

own judgments (Q4) of each adviser. The questions were the same as those used in

Experiment 1 apart from question two that was replaced to take into account the fact

that advisers did not express a confidence judgment in the present experiment. A

baseline questionnaire was presented before the beginning of the experiment to collect

participants’ evaluations of the advisers before any interaction took place.

In each block, the presentation of the four advisers was randomly shuffled across

trials, with each adviser appearing exactly ten times. In four randomly selected trials

no advice was given and the trial ended immediately after the participant confirmed

the pre-advice judgment (null trials), to encourage participants to register meaningful

initial confidence judgments as well as final (post-advice) judgments. The difficulty of

the first-order task was titrated using a 2-down 1-up procedure so that all participants

converged to 70.7% level of accuracy, independent of their sensitivity in the perceptual

task. Participants completed two practice blocks, with ten practice trials each, with

a fifth adviser. Practice trials were removed from all analyses.

Manipulation

To disentangle the agreement rate from the accuracy of the advisers, the probabil-

ity of agreement conditional on the participant’s choice accuracy was manipulated.
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Through the staircase procedure it was expected that all participants would converge

to an accuracy level of about 70%. This enabled the experimenter to manipulate the

adviser’s accuracy and agreement rate by pre-determining the probability of agree-

ment after a participant’s error or a participant’s correct response. Both accuracy

and agreement were manipulated to have two levels (high=80% and low=60%). This

gave rise to the four adviser profiles defined in Table 4.1. Probabilities are expressed

as a fraction over the number of participants’ expected correct (7) and incorrect (3)

judgments, during the number of encounters with one adviser in each block (10).

Advisers

High Accuracy High Accur. Low Accur. Low Accur.
High Agreement Low Agreem. High Agreem. Low Agreem.

p(Agree|Corsubj) 6.5/7 5.5/7 5.5/7 4.5/7

p(Agree|Incorsubj) 1.5/3 0.5/3 2.5/3 1.5/3

Expected
Accuracy rate 80% 80% 60% 60%

Expected
Agreement rate 80% 60% 80% 60%

IG 0.28 0.27 0.03 0.06
IGe 0.09 0.13 0.01 0.03

Table 4.1: Experiment 2 advisers’ profiles. Accuracy rate and agreement rates of dif-
ferent advisers are disentangled by manipulating the probability of the advice agreeing
with the participant, conditional on the participant’s accuracy. In the table, prob-
abilities are expressed as a fraction of the number of participants’ expected correct
(7) and incorrect (3) judgments, during the number of encounters with one adviser
(10). IG and IGe indicate average informational value of the advice, computed as
information gain and expected information gain respectively.

The dissociation between accuracy and agreement was possible by making the

disagreeing but accurate adviser disagree more often on trials when the participant

had made an incorrect initial decision (meaning a correct response for the adviser).

Similarly, an inaccurate but agreeing adviser was created by making the adviser more

likely to agree when the participant’s initial judgment was incorrect. For the two
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advisers for whom accuracy and agreement work in the same direction - i.e., accurate

and agreeing vs. inaccurate and disagreeing - clear predictions can be made about the

expected trust pattern that the participant will show. However when the accuracy

and the agreement pattern work in opposite directions - as it is the case for the

agreeing inaccurate and the disagreeing accurate advisers - it can be expected that

the availability of external feedback will have different impact on different advice

dimensions and the two feedback groups are expected to diverge.

Similar to Experiment 1, we used (as listed in Table 4.1) conditional probabili-

ties and the participants’ expected accuracy to compute the informational value of

each adviser. Advisers’ mean absolute information gain IG and expected information

gain IGe were computed as in the previous experiment. Contrary to Experiment 1,

however, advisers did not express different levels of confidence. This created only

two possible situations on each trial (instead of four as in the previous experiment),

namely either agreement or disagreement. As can be seen in Table 4.1, information

gain was highest for the accurate advisers and the lowest for the agreeing but inaccu-

rate adviser. This adviser is in fact counter-intuitively anti-predictive of the correct

answer: in contrast with the other advisers, this adviser’s probability of agreement

is higher when the participant’s initial judgment is incorrect than when it is correct.

Thus, an optimal observer would decrease their confidence when in agreement and

increase it when in disagreement with this adviser. For all other advisers on the

contrary, agreement should increase confidence and disagreement should decrease it.

Measures of interest

The same two measures of interest as in Experiment 1 were defined. The first one

measures participants’ explicit ratings of reliability. A trust index was created as de-

scribed in Experiment 1. Questionnaire ratings from the four questions about adviser

accuracy, likeability, trustworthiness and influence on own judgments were combined

into one measure by applying PCA to normalised baseline-corrected scores, resulting



86 Disentangling two alternative hypotheses

in loadings of 0.53 (Q1), 0.39 (Q2), 0.53 (Q3), 0.52 (Q4) for the Feedback condition

and 0.51 (Q1), 0.41 (Q2), 0.53 (Q3), 0.51 (Q4) for the No-Feedback condition. Time

was not a significant factor in the analyses, so scores from different blocks were col-

lapsed together in calculating condition averages. The second measure quantifies the

impact that advice has on participants’ judgments. Given that agreement tends to

make participants increase their initial confidence and disagreement tends to reduce

it or even lead to changes of mind, an influence measure was created by subtracting

the average confidence decrease in disagreement from the average confidence increase

in agreement as described by equation 2.4.

For pairwise comparisons, both p-values and Bayes factors are reported. Bayes

factors are reported using the notation suggested in Dienes and Mclatchie (2017).

The priors on the effect sizes to compute Bayes factors are informed by results of

Experiment 1.

Exclusion criteria

The first two experimental blocks were removed from the analysis to allow the stair-

case procedure to fully adapt to each individual’s threshold. This was necessary

given that our manipulation was heavily dependent on the expected accuracy rate

of the participants. A further exclusion criterion was set to exclude all participants

whose threshold never converged, which suggests a random response strategy. None

of the participants had to be removed on the basis of this criterion. Average difficulty

parameter d was 9.93± 2.96 (pooled data).

Results

A first set of analyses explored the effect of our manipulation on the trust and influ-

ence measures as a function of whether objective trial-level feedback was provided.

In particular we are interested in whether any of the manipulated within-participants

factors (advice agreement rate and accuracy) interacted with feedback presence. An
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interaction term between a within-participants advice dimension with feedback would

indicate that the specific advice dimension’s effect on reliability estimates is modu-

lated by the presence of trial-level feedback.

Trust ratings

Between-participants analyses. A mixed-design ANOVA was run on the trust

index with feedback group as a between-participants factor and adviser’s accuracy

(low vs. high) and adviser’s agreement rate (low vs. high) as within-participants

factors. This analysis revealed significant main effects for both accuracy (F (1, 44) =

8.36, p = .005, η2
G = .06) and agreement (F (1, 44) = 22.52, p < .001, η2

G = .1) rates

but not for feedback (F < 1). A significant interaction was found between feedback

and accuracy (F (1, 44) = 8.41, p = .005, η2
G = .06) but not between feedback and

agreement rate (F (1, 44) = 1.88, p = .17, η2
G = .01) or between agreement and accu-

racy (F < 1), nor a significant three-way interaction (F < 1). The results suggest

that in their explicit ratings of trust, participants reported on average to prefer advice

coming from accurate sources and sources that tended to agree with their own judg-

ments. Importantly, however, the effect of accuracy was modulated by the presence

of feedback, suggesting that the effect of accuracy on trust was larger in the Feedback

condition than in the No-Feedback one (Figure 4.1).
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Figure 4.1: Average trust ratings in the two feedback groups, divided by adviser
accuracy rate and agreement rate. Error bars represent s.e.m.

Feedback Study. A within-participants ANOVA on trust ratings was run on data

from the Feedback group only to test for within condition patterns. Results show

a significant effect of adviser’s accuracy (F (1, 22) = 21.36, p < .001, η2
G = .20) and

agreement rate (F (1, 22) = 5.62, p = .02, η2
G = .06), but no significant interaction

(F < 1). These findings indicate that participants showed to explicitly trust more

accurate over inaccurate advisers, and agreeing over disagreeing advisers. The effect of

accuracy was however much stronger than the one observed for agreement as indicated

by the generalised eta squared values (Bakeman, 2005).
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No-Feedback Study. A within-participants 2x2 ANOVA was then run on the data

from the No-Feedback group to test how the trust measure was affected by the experi-

mental manipulation. Results show that agreement (F (1, 22) = 18.91, p < .001, η2
G =

.18) but not accuracy (F < 1) affected participants’ explicit reliability judgments.

No significant interaction was found between the two factors (F < 1). These findings

suggest that when feedback was not directly available to estimate partners’ reliability,

participants expressed to trust more agreeing advisers over disagreeing ones, but not

accurate advisers over inaccurate ones. This pattern contrasted with expressed trust

reports from the Feedback group who reported to prefer advice characterised by both

dimensions.

Influence

Between-participants analyses. A mixed-design ANOVA on the influence mea-

sure was run with feedback as a between-participants factor and adviser’s accuracy

(low vs. high) and agreement rate (low vs. high) as within-participants factors.

This analysis revealed a significant main effects for adviser’s accuracy (F (1, 44) =

14.79, p < .001, η2
G = .04) and agreement rate (F (1, 44) = 13.91, p < .001, η2

G = .03),

and marginally so for feedback (F (1, 44) = 3.19, p = .08, η2
G = .04). The marginal

effect of feedback indicates that participants tended to be more influenced when feed-

back was not available (Figure 4.2). Importantly no significant interactions were

found between accuracy and feedback (F < 1), between agreement and feedback

(F (1, 44) = 2.01, p = .16, η2
G = .005) and between accuracy and agreement rate

(F < 1). No significant three-way interaction was found either (F < 1). The results

show that participants were more influenced by accurate advisers and by advisers

characterised by high agreement rates with their own judgments. Importantly, how-

ever, the effects did not interact reliably with feedback, suggesting that similar effects

were found in the two condition groups independently of feedback availability. We

then looked at individual pattern of results within each experimental group.
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Figure 4.2: The figure above shows the influence that advice had on participants’
opinions in the two feedback groups and divided by adviser accuracy rate and agree-
ment rate. Error bars represent s.e.m.

Feedback Study. We then analysed the within-participants influence data from

the Feedback group. Results showed significant effects for both adviser’s accuracy

(F (1, 22) = 12.71, p = .001, η2
G = .06) and agreement rate (F (1, 22) = 5.81, p =

.02, η2
G = .01). No significant interaction was observed between the two factors (F <
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1). As expected, when looking at opinion change, participants’ opinions were more

affected by accurate advisers over inaccurate ones. Interestingly, participants were

also affected by advisers who tended to agree with their own judgment, although

feedback indicated equivalent accuracy rates for pairs of advisers characterised by

different agreement rates.

No-Feedback Study. When looking at the No-Feedback condition, a similar pat-

tern emerged. A 2x2 repeated measures ANOVA on influence showed significant main

effects for both adviser’s agreement rates (F (1, 22) = 8.60, p = .007, η2
G = .06) and

accuracy (F (1, 22) = 4.09, p = .05, η2
G = .02), although the effect size of agreement

was the greater of the two. No significant interaction was observed (F < 1). Thus,

in the No-Feedback group, the results suggest a dissociation between what people

reported in the questionnaires, with higher trust reported for agreeing advisers re-

gardless of accuracy, and people’s performance in the task, where influence showed

effects of both accuracy and agreement rate.

Model

The Bayesian model described in Chapter 3 was adapted to Experiment 2, to un-

derstand whether the Consensus and Confidence model variants behaved differently

in scenarios where advice accuracy and advice agreement rate are dissociated. Each

model variant was run on each participant’s expressed confidence, experienced ad-

vice and, in the case of the Accuracy model, advice objective accuracy. The variants

capture what those participants should represent about advisers if they were only sen-

sitive to objective accuracy (Accuracy model), simple agreement (Consensus model)

or agreement graded by confidence (Confidence model). In this experiment, advisers

did not express a confidence judgment about their opinions. Thus, all model variants

could be simplified by not taking into account advice confidence. The Accuracy model

could be simplified using equations 3.2 and 3.3 to compute α and β for each adviser
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instead of equations 3.4 and 3.5. Similarly, the Consensus model now computes α

and β values for each adviser i separately as:

αi =
n∑

t=1

.5 + .5 ∗ Agrt (4.1)

βi =
n∑

t=1

.5− .5 ∗ Agrt (4.2)

where Agrt is the partner’s consensus (Agr = {−1, 1}) observed on encounter t.

Finally, the simplified Confidence model computes α and β values as:

α =
n∑

t=1

.5 + (p(corr)− .5) ∗ Agrt (4.3)

β =
n∑

t=1

.5− (p(corr)− .5) ∗ Agrt (4.4)

where p(corr) is the pre-advice confidence expressed in probability scale as de-

scribed in equation 3.10.

Accuracy Model

Data from the two feedback groups were pooled together to test the model’s pre-

dictions. Trial-by-trial pre-advice confidence and advice were input to each of the

three model variants and resulting θ-values for each adviser were then compared

(Figure 4.3). A 2x2 repeated measures ANOVA on Accuracy model’s θ values as

recorded on the last trial of the experiment was run with factors adviser’s accu-

racy and agreement rate. Results show a strongly significant effect of accuracy rate

(F (1, 45) = 618.96, p < .001, η2
G = .78) but no effect of agreement rate and no in-

teraction between the two (F < 1). Not surprisingly, the results suggest that when

provided with objective feedback on trial-by-trial performance, a simplified model of

reliability estimation was able to dissociate advisers based on their accuracy but not

based on their agreement profile.
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Figure 4.3: Final θ-values for each model variant as a function of adviser accuracy
and agreement rate. Notice the different θ ranges on y-axis. Error bars represent
s.e.m.
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Consensus Model

A similar 2x2 repeated measures ANOVA was run on the Consensus model’s θ-values

with factors adviser’s accuracy and agreement profile. Results showed a significant

main effect on θ-value for adviser’s agreement rate (F (1, 45) = 847.41, p < .001, η2
G =

.82) and only a marginally significant effect for accuracy rate (F (1, 45) = 3.22, p =

.07, eta2
G = .02), but no reliable interaction between the two (F (1, 45) = 2.04, p =

.15, η2
G = .007). The Consensus model trusted more agreeing advisers over accurate

ones.

Confidence Model

Finally a Confidence model was run on the pooled data and the θ-values recorded

on the last trial were passed through a 2x2 repeated measures ANOVA with factors

adviser’s accuracy and agreement profiles. Results show a significant effect of accuracy

(F (1, 45) = 8.85, p = .004, η2
G = .05) and agreement rate (F (1, 45) = 434.76, p <

.001, η2
G = .72) but no significant interaction between the two (F < 1). Results

suggest that the Confidence model was sensitive to both advice dimensions although

agreement rate still remained the strongest effect as indicated by the effect sizes.

Experiment discussion

To summarise, the results of Experiment 2, we orthogonally manipulated the agree-

ment rate and accuracy of advice presented to participants. Behavioural results show

that when participants had access to trial-by-trial feedback, both their explicit trust

reports and their observed confidence changes indicated greater reliability estimates

for accurate advisers and advisers who tended to agree with their own judgments.

On the contrary, when trial-level feedback was removed, a dissociation seemed to

emerge between explicit trust reports and observed confidence change. In particu-

lar, when directly asked, participants reported more trust in advisers characterised

by high agreement rates, and showed little trust for advisers characterised by high
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accuracy over those with lower accuracy. When looking at participant’s task perfor-

mance, however, the influence of an adviser depended on their accuracy as well as

their agreement rate.

A Bayesian model which tracks advice reliability showed different patterns of ad-

viser preference depending on what pieces of information were available to form a

trust judgment. An Accuracy model showed a strong preference for accurate advis-

ers while ignoring differences based on agreement rates. A Consensus model on the

contrary showed a strong preference for advisers who tended to agree with partic-

ipant’s choices compared to advisers characterised by lower agreement rates. This

model only marginally distinguished accurate from inaccurate partners. Finally, a

Confidence model distinguished both dimensions of advice, namely agreement and

accuracy, by scaling agreement with internal metacognitive signals.

Unsurprisingly, adviser accuracy affected reported trust and influence measure

in the Feedback group (Behrens et al., 2008). The result that in this condition

participants showed also an agreement effect is, however, more surprising. The finding

seems to suggest that agreement is perceived as a strong indicator of the reliability

of advice, independent of the actual underlying accuracy. A possible explanation

for this effect is that participants show a confirmation bias (Nickerson, 1998) by

which confirming evidence (in this case an agreement trial) is weighted more than

disproving evidence (a disagreement trial). The Accuracy model created to describe

trust formation in cases when feedback is provided by the experimenter is thus not

enough to describe participants’ behaviour as it fails to show a mediating effect of

agreement. A combination of accuracy and internal confidence could perhaps explain

the actual mechanism giving rise to participants’ actual behaviour.

When feedback was unavailable, participants’ observed behaviour (i.e., influ-

ence measure) and expressed trust in their partners seemed to dissociate. Although



96 Disentangling two alternative hypotheses

both measures were sensitive to agreement rate, with more frequently agreeing advis-

ers rated as more reliable and their advice having greater influence, only confidence

changes were sensitive to differences in advice accuracy. One possibility is that the

preprocessing performed on original questionnaire ratings through PCA to aggregate

different questions together caused a loss of the information originally communicated

by participants. Looking at the accuracy question only would verify whether par-

ticipants were indeed sensitive to advice accuracy when directly prompted. A two-

way ANOVA on average accuracy ratings showed a significant effect of agreement

(F (1, 22) = 20.84, p < .001, η2
G = .21), but no effect of accuracy ((F < 1) and no

interaction (F < 1), rejecting the loss of information hypothesis.

An alternative explanation is that explicit beliefs about partners’ reliability were

indeed dissociated from actual behaviour. This might be due to the fact that the

two advice dimensions were differently weighted: when looking at the effect sizes of

advice agreement and accuracy it is clear that agreement represents the strongest

effect. Although this might not have had an effect on trial-by-trial confidence change

behaviour, it might have resulted in a halo-dumping effect (Clark & Lawless, 1994)

whereby, when prompted to discriminate among advisers, participants used only the

most accessible dimension.

The fact that participants’ confidence changes were sensitive to the advice ac-

curacy even in the absence of objective feedback suggests that some proximal cues

to accuracy were available to them. It is unlikely that this cue was the agreement of

the advice, as this dimension was orthogonal to accuracy by design. A more plausi-

ble hypothesis is that participants accumulated over time some internal uncertainty

quantity (e.g. confidence) for each adviser separately. As shown by the Confidence

model, this strategy makes it possible for an agent to discriminate between equally

agreeing partners who have different underlying accuracy. Table 4.1 helps to under-

stand this finding. Consider for example the two agreeing advisers. The table shows
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that the accurate adviser tends to agree more often than the inaccurate adviser when

the participant is objectively correct (6.5 times out of 7 against 5.5 times out of 7) and

less often when the participant is objectively wrong (1.5 thirds against 2.5 thirds).

Trials when participants’ initial judgment is correct are expected to be associated

with greater confidence ratings, due to the fact that accuracy and confidence typ-

ically correlate (Fleming & Lau, 2014; Henmon, 1911; Koriat, 2012b). A strategy

of reliability estimation relying on confidence would thus exploit this covariation to

detect differences in accuracy, notwithstanding equal agreement rates.

Findings of Experiment 2 demonstrated that agreement is a crucial cue to relia-

bility, such that its effects are seen even when objective feedback is provided. Advice

accuracy, independent of agreement, also affected trust and influence when feedback

was provided (Behrens et al., 2008). When feedback was unavailable, on the contrary,

participants reported to trust more agreeing advisers. The influence that advice had

on their confidence updates was however affected by both advice accuracy as well as

agreement rate.

The fact that agreement was such a strong predictor of advice impact on partici-

pants’ opinions made it difficult to isolate the effect of internal confidence on advice

evaluation. Experiment 3 was designed to prevent this issue and to match all advisers

in terms of agreement and accuracy rates while at the same time varying their pattern

of bias with the participant.

Experiment 3

Experiment 3 aimed to provide stronger evidence that subjective confidence is im-

plicated in the formation of judgments about advice reliability. In this experiment,

instead of manipulating the probability of agreement conditional on participant’s

accuracy (as it was the case in the previous experiment), I manipulate the proba-

bility of agreement conditional on the participant’s initial confidence. This creates
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the possibility of advisers who differ in terms of agreement patterns relatively to the

participant’s opinion but who are otherwise equal in terms of average accuracy and

agreement rate. Three advisers were created by making advisers’ judgments more or

less biased towards the participant’s confidence judgments in trials when the partic-

ipant’s initial judgment is correct: (1) an unbiased adviser who tends to agree with

the participant’s choice about 70% of the time, independent of participant’s confi-

dence; (2) a bias-sharing adviser who tends to agree with the participant’s initial

choice particularly when the participant is confident; (3) an anti-bias adviser who

tends to agree with the participant particularly when the participant is unsure. The

manipulation is a “special case” of the general idea of bias sharing among observers

that was described above. It aims to study real-life situations where observers’ er-

rors are correlated due to the presence of shared biases (as opposed to errors due to

random noise, as in traditional Wisdom-of-Crowds effects (Armstrong, 2001; Rauhut

& Lorenz, 2011)). One added feature, not present in Experiment 2, is that advisers

cannot be discriminated based on agreement rate or accuracy.

Methods

Participants

50 participants were tested and divided in the two experimental groups. Due to un-

foreseen circumstances 24 participants ended in the No-Feedback group and 26 in

the Feedback group. Participants were recruited through local advertisement and the

Oxford University online recruitment platform. Prior the start of the experiment all

participants signed a consent form approved by the local ethical committee. Volun-

teers were compensated for their time via monetary compensation (10 £/hour) or

university credits.

Paradigm

The experiment consisted of 12 experimental blocks of 35 trials each (5 null trials).

The perceptual task was the same as for Experiments 1 and 2. Display parame-
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ters, input modality and stages within a trial remained unaltered. The experimental

manipulation required the experimenter to have access to the exact confidence distri-

bution of the participant. Thus the confidence scale was changed to a semi-continuous

scale including 50 points per interval. Three advisers were designed for Experiment

3. All participants’ stimuli were titrated to converge to a 70.7% accuracy level using

a 2-down 1-up procedure. Two blocks of 25 trials served as the practice blocks and

used a fourth “practice” adviser.

Manipulation

The advice profiles of the three advisers were manipulated so that all advisers con-

verged to the same level of accuracy and agreement rate with the participant’s judg-

ments. The pattern of agreement was manipulated, however, such that the three

different advisers agreed with the participant’s initial judgments on trials charac-

terised by different initial confidences. To this end, the probability of agreement

conditional on the participant’s pre-advice accuracy and confidence was manipulated

across advisers as described in Table 4.2 and illustrated in Figure 4.4. The distribu-

tion of the participant’s pre-advice confidence judgments was recorded from the first

two practice blocks and used as a reference distribution. The reference distribution

was divided into three confidence bins: the low, middle and high confidence bin in-

cluding 30%, 40% and 30% of the trials respectively. On trials where the participant’s

pre-advice judgment was incorrect all advisers had a probability of agreement of 30%

independent of the participant’s confidence level. On trials where the participant’s

judgment was correct on the contrary the three advisers had different agreement pat-

terns. A unbiased adviser had a probability of agreement of 70% independent of the

participant’s confidence. A bias-sharing adviser was defined as agreeing around 80%

of the time when the participant was highly confident and 60% of the time when s/he

was uncertain. An anti-bias adviser was designed so to agree 60% of the time when

the participant was highly confident and 80% of the time when s/he was uncertain.
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Importantly, however all advisers had an equal chance of agreement when the par-

ticipant’s pre-advice confidence fell in the middle bin (70%). This ensured that all

advisers were matched in terms of average agreement rate (0.7∗0.7+0.3∗0.3 ∼ 0.58)

and accuracy rate (0.7 ∗ 0.7 + 0.3 ∗ 0.7 ∼ 0.7) across all trials. By limiting analyses

to trials within the intermediate confidence bin, we could compare advisers on trials

where they were all virtually identical. This allowed us to avoid confounds arising

from comparing different trials together. For example, asymmetric confidence changes

in agreement and disagreement and larger advice influence in uncertain trials might

contribute to adviser-specific distortions in the influence measure, if all trials were

pooled together. The confidence reference distribution was updated on every block

to take into account possible shifts of confidence during the course of the experiment,

to reflect the distribution of confidence judgments provided during the previous two

blocks.

Advisers

Bias-sharing Unbiased Anti-bias

p(Agree|Corrects, Confidenceslow) 60% 70% 80%

p(Agree|Corrects, Confidencesmid) 70% 70% 70%

p(Agree|Corrects, Confidenceshigh) 80% 70% 60%

p(Agree|Incorrects) 30% 30% 30%

AUC(IGE) 14.63 14.74 15.78

Table 4.2: Agreement probability of different advisers is manipulated conditional on
the participant’s pre-advice confidence and accuracy. This manipulation allowed to
create three different advisers who were matched in terms of agreement rate and
accuracy, but who differed in terms of information as quantified by the area under
the expected information gain curve.

Although the average accuracy and agreement rate of the advisers were the same,

the information gained by participants receiving advice was not. In the present exper-

iment, computing adviser’s information gain from prior knowledge of their conditional

probability was not possible as this was dependent on the subjective confidence dis-

tribution. However, according to a Bayesian normative model, greater changes along
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the confidence scale should take place when subjective initial confidence is low, and

lower shifts should be observed when initial confidence is high. The anti-bias adviser

is in this respect in the good position of giving supporting evidence (agreement) when

it is needed the most (low subjective initial confidence). The bias-sharing adviser on

the contrary tends to agree when their judgments are less effective (high subjective

initial confidence). This intuition was confirmed using a numerical simulation based

on an ideal Bayesian observer performing the task, with a Gaussian distribution of

confidence centred on 25 and with a standard deviation of 10. For each initial con-

fidence judgment, the information gained from observing agreement or disagreement

was computed for each adviser as the difference between posterior confidence and

prior confidence. An expected information gain was computed by multiplying the

information gain so obtained by the normalisation term in the Bayes formula. This

produced a curve of expected information gains after agreeing or disagreeing with each

adviser (Figure 4.4, lower panels). The average area under the expected information

gain curve was 14.74 for the unbiased adviser, 14.63 for the bias-sharing adviser and

15.78 for the anti-bias adviser. This procedure thus quantified and confirmed the

intuition that the anti-bias adviser provided the most informative advice.
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Figure 4.4: Experimental manipulation of Experiment 3. The probability of adviser’s
agreement conditional on participant’s accuracy and confidence was manipulated so
that the three advisers differed in their pattern of agreement despite being equal on
average agreement rate and accuracy rate. Top panel: continuous lines represent
expected agreement rates, dashed lines represent empirical data pooled across the
two feedback groups. Lower panels: expected information gain in agreement and dis-
agreement depending on the initial level of confidence. Expected information gain is
defined as the difference between posterior and prior confidence scaled by probability
of the observed event (agree vs disagree). The area under the curves quantifies the
average information of the advice.

Following Experiment 2, we expect different patterns of results to emerge from

feedback and feedback-free conditions. Specifically, based on the Confidence model,

we predict that when feedback is not available trust reports and influence measure

will favour the bias-sharing adviser over the other advisers. This follows from the

fact that both participants and the Confidence model will experience more high-

confidence agreements with the bias-sharing adviser compared to the non-bias shar-
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ing one. This will happen even if advisers are matched in terms of accuracy and

agreement, because participants and the Confidence model will learn the association

between internal metacognitive states (like confidence) with external contingencies

(like agreements/disagreements). Neither the Consensus or the Accuracy models are

expected to distinguish among advisers.

When objective feedback is provided, we might expect that participants will not

distinguish between advisers given that they are all equally reliable (∼ 70% accuracy).

Measures of interest

The same measures of interest adopted in the first two experiment were adopted

here to compare how different advisers’ profiles were perceived by the participants.

First, an explicit trust measure was created by preprocessing questionnaire responses

through normalised baseline correction and PCA. The first PCA component was used

as a unitary measure of explicit trust. The same four questions asked in Experiment

2 were used here. Questionnaires were presented at the beginning of the experiment

(baseline questionnaire) and every other experimental block. PCA loadings for the

Feedback group were: 0.53 (Q1), 0.42 (Q2), 0.53 (Q3), 0.50 (Q4); and for the No-

Feedback group: 0.48 (Q1), 0.47 (Q2), 0.53 (Q3), 0.50 (Q4).

Second, an implicit trust measure was obtained that quantified the impact of each

adviser’s opinion on the participant’s judgments. As in the previous experiments,

this influence measure was obtained by the difference between average confidence

change in agreement and average confidence change in disagreement when comparing

participants’ pre- vs. post-advice judgments on each trial.

Exclusion criteria

An exclusion criterion based on staircase convergence was set so to exclude all partici-

pants who appeared to have a random guessing strategy. Application of this criterion
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resulted in the exclusion of one participant from the Feedback group and one partic-

ipant from the No-Feedback group, leaving a total of 23 and 25 participants in these

groups, respectively. Average difficulty parameter d was 9.98± 2.82 (pooled data).

Results

The following analyses were performed to show whether an effect of adviser type on

the measures of explicit trust and implicit opinion change could be detected. Fur-

thermore we were interested in knowing whether this effect was modulated by the

presence of feedback. Feedback acted as a between-participants factor while adviser

type acted as a within-participants factor in the following mixed-design ANOVAs.

For within-participants variables, degrees of freedom were corrected for violations

of sphericity according to the Greenhouse-Geisser procedure, with epsilon values re-

ported as appropriate.

Trust ratings

Between-participants analyses. A mixed-design ANOVA on trust measures showed

no significant effect of adviser type (F (2, 92) = 1.66, p = .19, η2
G = .03, ε = 0.99)

or feedback (F < 1), but a significant interaction between adviser and feedback

(F (1, 92) = 6.64, p = .002, η2
G = .12, ε = 0.99). The results suggest that although

different advisers were similarly trusted on average, the effect was modulated by the

presence of feedback. Figure 4.5 shows how the effect of adviser was influenced by

the presence of feedback.
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Figure 4.5: The effect of adviser type on explicitly reported trust, separately for the
Feedback and No-Feedback condition. Error bars represent s.e.m.

Feedback Study. Within groups analyses were carried out to understand differ-

ences among advisers present in each experimental group. As Figure 4.5 shows,

when provided with feedback, participants seemed to show an effect of adviser type,

suggesting that even with feedback they consistently trusted some advisers more

than others. A one-way repeated measures ANOVA showed a significant effect of

adviser type (F (2, 48) = 4.90, p = .01, η2
G = .16). Pairwise comparisons showed

that the bias-sharing adviser was significantly trusted less than the anti-bias adviser

(t(24) = 3.09, p = .004, d = 1.07, BH[0,1] = 47.34) when participants were prompted to
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report their reliability estimates explicitly. No differences were however found between

the anti-bias and the unbiased advisers (t(24) = 1.60, p = .12, d = 0.51, BH[0,1] = 1.67)

nor between the unbiased and the bias-sharing advisers (t(24) = 1.56, p = .13, d =

0.56, BH[0,1] = 1.83).

No-Feedback Study. Similarly a repeated measures one-way ANOVA on trust

measure revealed a significant difference among advisers (F (2, 44) = 3.56, p = .03, η2
G =

.13) confirming that when prompted to express their explicit reliability estimates

participants tended to consistently trust some advisers more than others. Planned

comparisons revealed that the bias-sharing adviser was trusted marginally more than

the anti-bias adviser (t(22) = 1.48, p = .07, d = 0.53, one-tail, BH[0,1] = 1.74) and sig-

nificantly more than the unbiased adviser (t(22) = 2.81, p = .005, d = 0.98, one-tail,

BH[0,1] = 22.42). The anti-bias and the unbiased advisers did not significantly differ

from each other (p > .1, d = 0.41, BH[0,1] = 1.13).

Influence

Between-participants analyses. A mixed-design ANOVA with feedback as a

between-participants factor and adviser type as a within-participant factor showed

no significant effect for feedback (F (1, 46) = 1.36, p = .24, η2
G = .01) nor adviser

(F (2, 92) = 1.12, p = .33, η2
G = .009, ε = 0.77), but a significant interaction between

the two (F (2, 92) = 4.80, p = .01, η2
G = .03, ε = 0.77), suggesting that the presence of

feedback impacted upon the influence that the advice had on participant’s opinions.

Figure 4.6 shows the effect of feedback presence and adviser type on participants’

opinion changes as quantified by the influence measure.
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Figure 4.6: The figure shows the effect of adviser type on influence measure, divided
by the two feedback groups. Error bars represent s.e.m.

Feedback Study. When looking at confidence change behaviour in the Feedback

condition a one-way repeated measures ANOVA showed a marginally significant effect

of adviser type (F (2, 48) = 2.88, p = .06, η2
G = .05). A two-tails t-test showed that the

anti-bias adviser was more influential than the bias-sharing one (t(24) = 1.98, p =

.05, d = 0.54, BH[0,5] = 3.71), that the bias-sharing adviser was significantly less

influential than the unbiased adviser (t(24) = 2.26, p = .03, d = 0.44, BH[0,5] = 6.56)
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and no reliable difference was apparent between the anti-bias and unbiased advisers

(t(24) = 1.10, p = .28, d = 0.26, BH[0,5] = 1.47). Although the numerical difference

was higher between the bias-sharing and anti-bias advisers compared to the bias-

sharing and unbiased advisers, the former had a larger p-value, probably due to the

high variability of the influence measure for the anti-bias adviser.

No-Feedback Study. A one-way ANOVA on the influence measure revealed a

significant difference among advisers (F (2, 44) = 3.25, p = .04, η2
G = .03). Planned

comparisons showed that the bias-sharing adviser was significantly more influential

than the unbiased adviser (t(22) = 2.63, p = .007, d = 0.46, one-tail, BH[0,5] = 13.62)

and marginally so than the anti-bias adviser (t(22) = 1.46, p = .07, d = 0.29, one-

tail, BH[0,5] = 2.06). No difference was found significant between the unbiased and

the anti-bias advisers (p > .1, d = 0.16, BH[0,5] = 1.07). Thus, these results seem to

suggest that the bias-sharing adviser was more influential than the other two when

trial-by-trial feedback was not available.

Thus, the presence of trial-by-trial feedback can change the perception of advice

reliability. In particular, the bias-sharing adviser is trusted less when feedback is

provided but more when feedback is absent. This was apparent both when looking

at reported trust and influence measures.

Model

The following analyses were performed to understand what patterns of trust should

be expected by a Bayesian model estimating the reliability of each adviser based on

predetermined pieces of information. The three variants of the model each represent a

simple mechanism by which an observer could arrive to a trust judgment θ about dif-

ferent sources of advice using objective feedback (Accuracy model), agreement rates

(Consensus model) and metacognitive signals (Confidence model) respectively. Each
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model variant was fitted to each participant’s expressed confidence, experienced ad-

vice and, in the case of the Accuracy model, advice objective accuracy. The variants

model what those participants should represent about advisers if they were only sen-

sitive to objective accuracy (Accuracy model), simple agreement (Consensus model)

or agreement graded by confidence (Confidence model). Differences in θ-values ob-

served among the three variants thus show how same observed data can give rise to

different trust judgments depending on what type of information an observer has ac-

cess to. Data from the two Feedback conditions was pooled together, because model

variants’ estimation of θ is unaffected by the presence of feedback. Figure 4.7 shows

the pattern of results that the three model variants produce on the pooled data from

both feedback conditions. A reinforcement learning model is also described in Ap-

pendix A and applied to data from Experiment 3. It shows that the confidence-based

strategy to infer advice reliability can also be applied to classical models of learning

(e.g., delta-rule), with similar conclusions reached.
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Figure 4.7: Average θ-values, representing the model’s trust in different advisers,
differ depending on what pieces of information the model has access to. Error bars
represent s.e.m.
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Accuracy Model.

The Accuracy variant is targeted to reproduce the Feedback condition, where partic-

ipants had access to trial-by-trial feedback about their own and advice accuracy. A

one-way repeated measures ANOVA showed no significant effect of adviser (F < 1)

on last trial θ-values estimated by the Accuracy model, and no difference between

the bias-sharing and the anti-bias adviser (t < 1), suggesting that the model could

not discriminate among advisers even if it had access to objective trial-level feedback.

This makes sense as all advisers were equal in terms of accuracy rates.

Consensus Model.

The Consensus variant is targeted to reproduce the No-Feedback condition if par-

ticipants did not have access to metacognitive information to form advice reliability

judgments. A one-way repeated measures ANOVA on last trial θ-values as estimated

by the Consensus model showed no significant effect of adviser (F (2, 94) = 1.70, p =

.18, η2
G = .02). No significant difference was found between the bias-sharing adviser

and the anti-bias adviser (t(47) = −1.55, p = .12, d = 0.34, BH[0,0.05] = 0.09), suggest-

ing that this model variant could not discriminate between advisers purely based on

agreement rates. The presence of a numerical trend is likely due to chance variations

in exact agreement counts for each participant, as this was not fixed a priori. Re-

gardless, the direction of the trend is opposite to that observed in the No-Feedback

condition of the experiment (i.e., less trust for bias-sharing adviser).

Confidence Model.

The Confidence variant is targeted to reproduce the No-Feedback condition if partic-

ipants had access to metacognitive information to form advice reliability judgments.

A one-way repeated measures ANOVA on last trial θ-values as estimated by the Con-

fidence model showed a significant effect of adviser (F (2, 94) = 7.95, p < .001, η2
G =
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.10). A significant difference was found between the bias-sharing adviser and the anti-

bias adviser (t(47) = 3.54, p = .001, d = .74, B[0,.05] = 114.64) and between unbiased

and anti-bias advisers (t(47) = 2.99, p = .004, d = .57, B[0,.05] = 18.16), but not be-

tween unbiased and bias-sharing (t(47) = 1.21, p = .22, d = .25, B[0,.05] = 0.41). These

findings suggest that by accessing metacognitive signals (as provided by participants’

confidence ratings) the model was able to discriminate among different advisers. In-

terestingly, the direction of the effects (i.e., greater trust for the bias-sharing adviser)

was similar to what observed in the No-Feedback condition.

Experiment discussion

Experiment 3 showed that when advisers are matched in terms of accuracy and agree-

ment with the participant’s choices, differences in trust reports and measures of in-

fluence can still be observed. Importantly these differences are modulated by the

presence of objective feedback. In Experiment 3 the presence of feedback partly re-

versed the pattern of trust ratings and influence measure that was observed when no

feedback was available to participants. When objective feedback was available, people

seemed to trust more and be more influenced by advisers who tended to disagree more

often with them when they were sure and agree with them when they were unsure.

At the same time they seemed to discount both in terms of trust and influence the

advice received by an adviser who tended to agree when they were themselves sure

and disagree more often when they were unsure. On the contrary, when objective

feedback was removed, this pattern partly reversed and people seemed to trust and

be more influenced by the adviser who shared their same bias. They also seemed to

discount the adviser who did not share their same bias and even more so the unbiased

adviser.

Participants in the Feedback group showed an effect of adviser type even though

they received feedback indicating that all advisers were equal in terms of both agree-

ment rate and accuracy. This should hint to the fact that participants were sensitive
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to the informational value of the advice and not only to the advice reliability per se.

Advice information value was here defined as the information gain that is observed

in a Bayesian observer after receiving the advice (Figure 4.4). It quantifies the in-

tuition that larger confidence updates follow more informative events. Participants

trusted more and were more influenced by the anti-bias adviser who was in turn the

most informative one (i.e., producing larger nominal updates). On the contrary they

discounted advice coming from a bias-sharing adviser, which is consistent with this

adviser’s poor informational value (i.e., low IGe).

In the No-Feedback condition, although the experimental manipulation placed

the unbiased adviser in between the bias-sharing and anti-bias advisers, people per-

ceived the unbiased adviser as the least trustworthy and they were less likely to listen

to her advice. This fact is even more puzzling when considering that the bias-sharing

adviser and the unbiased adviser were very similar in terms of advice information gain

(and both significantly less informative than the anti-bias adviser). However these

two profiles ended up being at the two opposites of the trust spectrum when looking

at the behavioural data. Even the Confidence model, which ranked advisers opposite

to their information gains, still ranked the unbiased adviser in between the other two.

A possible explanation for the observed pattern is that participants did not simply

evaluate the correctness of the advice when estimating advice reliability, but instead

compared the variability of the advice across and within confidence bins. Weiss and

Shanteau (2003) suggested that when objective feedback cannot be easily retrieved

from the environment, the best way to estimate expertise (and thus judgment accu-

racy) is by dividing the decision maker’s judgments variance across different classes

with the variance of judgments within each class. The authors describe a measure -

the Cochran-Weiss-Shanteau (CWS) index - that quantifies the intuition that experts

(e.g., doctors) should show high variance in categorising items belonging to different

classes (e.g. making diversified diagnoses to different patients) but low variance in
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categorising items belonging to the same class (e.g. making same diagnoses to in-

dividuals belonging to a homogeneous cohort of patients). The authors show that

the CWS index of expertise reliably tracks the expertise of different decision-makers

across several domains.

When applied to the current experiment, participants might implicitly treat trials

falling within different confidence bins or percentiles as different classes of judgments.

The CWS index in this scenario would thus be zero for the unbiased adviser as this

adviser exhibits no variance in the probability of agreement across different confidence

classes. On the contrary the other two advisers would get a non-zero CWS value as

they both show some variability in their agreement with the participant across differ-

ent confidence classes. However this explanation alone cannot fully account for the

results found in the experiment because bias-sharing and anti-bias advisers seemed,

consistently across the measures considered, trusted differently. It is thus likely that

participants must have engaged to some extent in a combination of strategies to

produce an estimation of the reliability of a source. The combination of multiple

strategies might have in turn caused the complexity observed in the pattern emerged.

General Discussion

Much of the work in psychology in the last decades has focused on heuristics and biases

affecting human judgments (Gigerenzer, 2008; Tversky & Kahneman, 1974). Given

its limited capacities, the brain must often adapt to use approximations or “short-

cuts” to find good-enough solutions to otherwise intractable problems. Heuristics are

simple solutions that work most of the time but lead to characteristic errors (Tversky

& Kahneman, 1983). In the three experiments presented so far, the intractable prob-

lem that our participants face is estimating reliability without an objective standard

against which to judge performance and advice. A viable solution is to use an internal

sense of reliability. This solution works well when agreement correlates with accu-

racy, as in the case where initial judgment and advice are independent (Experiment
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1). Here trust and influence patterns were little affected by the presence or absence

of an objective standard. But the process goes astray where this independence is

broken, as in our studies where advice was contingent on participants’ judgment (Ex-

periments 2 and 3). Adverse consequences showed up in terms of distinct patterns of

trust and influence with and without an objective standard.

In the current experiments, participants valued the informativeness of the advice

when objective feedback was immediately available (e.g., as suggested by their trust in

the anti-bias adviser). People are able to use outcome signals (like rewards and feed-

back) to track cues reliability according to associative learning mechanisms (Behrens

et al., 2008; Sutton & Barto, 1998). When feedback is removed however, they tend

to paradoxically rely on the least informative advice (e.g., trusting the bias-sharing

adviser). An intriguing hypothesis is that when feedback is removed participants are

only left with their own initial probabilistic estimate. Any attempt to use this esti-

mate to attribute feedback to their advisers is cursed by the error characterising their

own original judgment. As an example, imagine you are sure that you are drinking

a very expensive wine at a blind wine tasting event. You will likely judge anybody

who says otherwise as incompetent in wine matters. In the (not so unlikely) event

that you are mistaken, you could keep thinking that a potentially brilliant sommelier

is only a novice, with potentially bad consequences for you.

Speculatively, the fact that when lacking objective feedback people prefer ad-

visers who share their same bias (hence who are more likely to agree) might be at

the heart of echo-chamber effects often described in network science (Jasny et al.,

2015; Sunstein, 2001), whereby individuals with similar characteristics tend to form

clusters that are impenetrable to external information. When exposed to competing

opinions on social media, like-minded people belonging to the same cluster tend to

prefer, consume and share within-cluster information more than between-cluster in-

formation (Bessi, 2016; Del Vicario et al., 2016). One hypothesis is that situations
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where feedback is difficult to obtain (e.g., socio-political matters) will foster forma-

tion of chambers with polarised views (Bessi et al., 2016). This follows from the

fact that, once feedback is removed, people will judge reliability based on their own

convictions (i.e., bias). The presence of bi-directional information channels between

agents (as opposed to judge-adviser systems) will attract people who share the same

bias together, increasing the polarisation of their views (i.e., confidence) as well as

producing phenomena of groupthink (Janis, 1972; Turner & Pratkanis, 1998). To test

this hypothesis, agent-based modelling could be used to show how the manipulation

of feedback availability influences network structure and information flow. This ap-

proach could link the cognitive mechanisms described here to larger-scale dynamics.

Agent-based models are useful tools to study phenomena of emergence from simple

interacting parts. Manipulating agents’ access to metacognitive signals could shed

light on how the cognitive structure of agents can affect the structure of a network

(Epstein, 2013). Additional circularity might be introduced if agents are given choice

over the information they sample, for example if reliability estimates were used in

selecting incoming information (Aiello et al., 2012; Denrell, 2005).

Irrespective of the behavioural results observed, the modelling analysis shows

that a model endowed with access to its own metacognitive signals can discrimi-

nate between advisers while models who have only access to objective feedback or

agreement rate fail to do so. The result suggests that metacognitive signals like confi-

dence judgments can be not only useful for internal uncertainty monitoring (Yeung &

Summerfield, 2012), cognitive control (Botvinick et al., 2001) and social coordination

(Bahrami et al., 2010), but also to evaluate the reliability of external information

sources. The same conclusion was also reached by analysis of the behaviour of a

reinforcement learning model, which was appropriately modified to estimate advice

reliability in the three scenarios (feedback, no-feedback without metacognitive access,

no-feedback with metacognitive access) and applied to Experiment 3 data (Appendix
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A). The present findings demonstrate the potential bidirectionality of this inference

process: confidence is not only the end-product of the information flow that goes from

the external stimulus to a perceptual inference, but it can feed back to help make in-

ferences about external events. Confidence represents a probabilistic estimation that

once formed can be used to infer the state of variables that did not directly generate

it.

The current study differs from existing work in group decision making (Bahrami et

al., 2010; Sorkin et al., 2001). While previous works have tried to show how confidence

judgments from two individuals can be used to combine estimates of an external

stimulus, the current work shows that internal confidence about the state of the

external stimulus can be used also to estimate the reliability of a social partner over

and beyond what can be inferred from objective external cues. It used a traditional

Judge-Adviser System paradigm (Bonaccio & Dalal, 2006; Sniezek & Buckley, 1989;

Yaniv & Kleinberger, 2000), but it tries to go beyond it by finely controlling for

important variables such as the information carried by the advice, the subjective

perceived difficulty of the task and the presence of objective feedback. The study

tried to bring together the Judge-Adviser System tradition with current cognitive

theories of confidence (Pouget et al., 2016).

Conclusions

Experiment 3 concludes my first series of experiments. These studies aimed at show-

ing that in a social context confidence is a valuable attribute of someone’s judgment. It

helps others discriminate when you are more likely to be correct (and thus value your

contribution) but also helps a decision-maker to make consistent judgments irrespec-

tive of feedback availability. However they also show how these cognitive mechanisms

can backfire when judgments from different observers are not independent.
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The next chapter will describe a new line of work using an original design.

The Judge-Adviser System paradigm used so far is a useful tool to isolate specific

effects underlying trust formation and opinion change. However results are often not

easy to generalise given the rigid staged structure of the interaction. The paradigm

described in the next chapter was designed with these limitations in mind. It aims at

understanding how judge-adviser systems relate to ecological real-life-like interactions,

characterised by recursive information flow and non-linear dynamics.
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Beyond Picture Partners

‘The medium is the message.’

– Marshall McLuhan

Chapter Abstract

Social decision making in daily life is characterised by the interplay of dynamic agents,

yet many studies in social psychology have investigated situations where information

flows only in one direction, from a static social partner to a decision maker. This

chapter introduces a novel social decision-making paradigm and presents results from

a first study. In this paradigm, two people are brought together to the lab and are

asked to perform a sequence of perceptual judgments. On each trial, each individual is

asked to report their initial confidence on a binary choice. As soon as both individuals

input their independent answers information is communicated between the two in one

of the two following ways: in the Non-Interactive (NI) condition, each individual sees

the initial independent judgment of their partner. In the Interactive (I) condition

each individual sees the current opinion of their partner. Importantly participants are

incentivised to keep their confidence reports up to date for the entire time window of

the social part. This design gives us a continuous measure of confidence change in the

two conditions. Results show that: 1) the majority of confidence adjustments follow

a step function characterised by an abrupt change followed by smaller adjustments

119
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around an equilibrium; 2) Interaction is characterised by increased recursivity; 3)

Trial-level confidence is used to arbitrate conflict although deviating from Bayesian

norm; 4) Interaction leads to a magnification of confidence change in agreement and

a reduction of confidence change in disagreement. 5) No effect of condition on final

accuracy is observed.
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Experiment 4

Introduction

The Judge-Adviser System paradigm used in Experiments 1-3 and much prior work

(Bonaccio & Dalal, 2006; Sniezek & Van Swol, 2001; Yaniv & Kleinberger, 2000) has

many methodological advantages, including control over the information provided by

the advice to participants, and distinct staged moments when the decision is made,

advice is presented and confidence updated. However it is also characterised by lack

of ecological validity that might limit the ability to generalise the results found in

a lab setting to more realistic scenarios. Advice taking and social exchanges rarely

happen in a vacuum and the stages of decision, advice and update often take place all

at the same time. Judge-Adviser systems are characterised by a unidirectional flow

of information from the adviser to the participant and by a one-step process where

information cannot reverberate back from the judge to the adviser.

Aside from a few examples in which this characterisation is realistic (e.g., receiving

recommendations from a consulting company or exchanging opinions by e-mail), most

belief updates take place face-to-face, a situation characterised by a bi-directional flow

of information between two agents. Here, the line between judge and adviser blurs

and both partners affect each other’s opinions without a clear distinction of cause

and effect. Many researchers have started advocating for a more realistic approach to

study social interaction, where social behaviour is studied in active and interacting

agents rather than passive observers of social pictures (Boorman et al., 2013; Edelson

et al., 2011; Schilbach et al., 2013). The idea that social phenomena cannot be

disentangled from social contexts, where interaction happens on a continuous time

scale rather than in discrete time steps, raises the possibility that opinion change

follows a non-linear dynamic. For example some researchers (Mahmoodi et al., 2013)

have found phenomena of confidence escalation when a dyad members performing a

task together are allowed face-to-face confrontation. However, little is known about
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the direct comparison between continuous and discrete social exchange. The present

series of experiments was carried out to fill this gap in the literature. It investigates

whether differences between the two modalities - static vs. dynamic interaction -

arise even when the information available to participants to make a decision is kept

constant.

To investigate these questions, we adapted the dot counting task to a new social

scenario, characterised by two real people performing the task in parallel. Participants

perform each trial alone, providing their choice and confidence judgment at once

using the same input scale used in Experiment 3. After participants provide their

independent responses, we allow them to exchange their views over the course of a

limited time window, lasting few seconds. All information exchanges happen through

computer interface, allowing exact control over relevant variables. During the social

time window, participants’ confidence changes are monitored in real-time so to track

their moment-by-moment bi-directional influence. Each participant is thus both judge

and adviser, allowing us to monitor confidence changes and influence in a system

characterised by two-way information exchange (Schilbach et al., 2013).

Importantly, however, we compare conditions characterised by static information

exchange - where participants can only see their partner’s initial judgment - with

conditions characterised by dynamic information exchange - where participants can

see their partner’s moment-by-moment opinion change and thus how they are effect-

ing their partner’s views. By keeping decision-relevant information constant in the

two conditions it is possible to isolate the contrast between static and dynamically

evolving advice. The study is exploratory in nature and aims at showing that opin-

ion change and judgment confidence is not only affected by participants’ traits and

decision-relevant information, but also by the way information is shared and collec-

tively transformed between advisers. Given that communication happens entirely
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through the computer interface, the paradigm allows us to precisely know what in-

formation each participant has access to at each time point during the experiment, in

my opinion advancing previous studies where interaction took place through verbal

communication (Bahrami et al., 2010; Fusaroli et al., 2012). Although the experimen-

tal setting in which interaction takes place is far being a realistic social interaction, I

believe the paradigm captures the gist of the dynamics that it tries to reproduce.

Based on recent proposals in the literature (Auvray et al., 2009; Dumas et al.,

2014; Mattout, 2012; Schilbach et al., 2013), the key prediction is that changing

the direction and dynamics of the information exchange (bi-directional vs. one-way;

recursive vs. static) will affect the final judgments that participants will converge

to, after the social part. Notice that the perceptual evidence accumulated during

the private phase by the two members is the only information needed to successfully

accomplish the task: the amount of perceptual evidence present in the dyad is the

same across the two conditions. The only feature that is manipulated is how that

information is allowed to flow from one person to the other, in other words the

means of communication. If interaction did not have any effect, we would expect

the two conditions not to differ. If on the contrary the format the information is

communicated is important as well as the information itself, then we would expect

trials in different conditions to differ.

An opinion space to understand social phenomena. This new paradigm how-

ever raises a methodological problem. The difficulty of studying more than a single

person in a social situation lies in the fact that the distinction between cause and

effect is impossible to draw (Watzlawick, Bavelas, & Jackson, 1967). A similar prob-

lem is faced when studying many other complex dynamic systems. The brain itself

can be regarded as such, with neurons and brain areas being entangled together in

a non-stationary interaction. To obviate this issue, neuroscientists have resorted to

multivariate statistics (Haynes & Rees, 2005; Kamitani & Tong, 2005). Compared to
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univariate statistics (like a t-test) where activity distributions are compared along one

axis, multivariate statistics tries to separate distributions along a geometric manifold

where each factor is considered at the same time with the others (Cortes & Vap-

nik, 1995). The consensus view that emerged in the last decade is that information

is distributed across units of a network instead of being encoded by specific com-

ponents (McClelland & Rogers, 2003; K. Smith, 2013), although disagreement still

exists regarding the mechanisms of its neural implementation (Averbeck, Latham, &

Pouget, 2006). Representations can then be encoded by the dynamic interaction of

individual units (King, Pescetelli, & Dehaene, 2016; Stokes, 2015). The interaction

of N individual units can be thought of as movements along a N-dimensional space,

where each dimension represents the level of activation of the unit, say its firing rate.

Information from different stimuli can be kept separate as long as those stimuli fall

into different regions of the multidimensional space formed by each unit’s activation

(King & Dehaene, 2014; McClelland & Rogers, 2003; Stokes, 2015). Units have typi-

cally been neurons (Averbeck et al., 2006), neural networks’ hidden units (McClelland

& Rogers, 2003), voxels (Haynes & Rees, 2005; Kamitani & Tong, 2005) and scalp

sensors (King et al., 2016). It is here suggested that given the similarities with these

other dynamic complex models, similar statistical tools should be employed also to

investigate real-time social interactions.

In its simplest form two people (N=2) discuss the likelihood of the state of a

binary variable v=[0,1]. At each time point t the dyad’s state can be represented

as a single point along a phase space M (point A in Figure 5.1), whose dimensions

each represents the estimated likelihood pi(v = 1|data) of the variable’s value for

each individual i. The likelihood that each member i assigns to the variable at each

time point pti(v = 1|data) will change as people exchange information and affect each

other’s opinion in real-time. Changes of mind, decreases in confidence and confidence

escalations should thus be thought of as movements along this “opinion space” (Figure

5.1).
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Figure 5.1: Opinion space for binary response variable with N = 2.

Conceiving social interaction as movements along an opinion space reduces the

risks of studying oversimplified social situations and allows to analyse two real agents

as a single multivariate system. This in turn overcomes the need to separate a receiver

(e.g. a judge) of information from a sender (e.g. an adviser) and the need for a staged

social exchange.

Methods

Participants. Twenty-four dyads (N=48, 37 females, age: M= 22.52, STD=3.16)

were recruited in pairs for money or course credits, through local announcements

and the University of Oxford volunteers platform. The invitation informed potential

volunteers to bring a friend of the same gender. This was done to avoid confounds

due to gender differences in the use of confidence scales and it represents standard

practice in the literature (Buchan, Croson, & Solnick, 2008; Mahmoodi et al., 2015).

All dyads responded positively to the call, apart for one whose members were gender

mixed due to unforeseen circumstances. The study was approved by local ethical

committee. All participants gave informed consent before taking part to the study.



126 Beyond Picture Partners

Paradigm. Participants sat on the two sides of a desk divided by a wooden oc-

cluder (Figure 5.2), each given a separate LCD monitor, keyboard and mouse. All

devices were controlled by the same computer, Dell OptiPlex 9020. Together they

worked through repeated trials of the same dot-count perceptual decision task as in

Experiments 1-3, but now receiving information from a real-human partner rather

than a virtual adviser.

All trials consisted of two parts: a private decision followed by a social exchange.

On each trial the private decision started with the brief presentation (160 ms) of two

delimited boxes, on the left and on the right of a central fixation cross, containing

dots arranged randomly. Each dyad member indicated their independent response by

mouse-click on a semi-continuous post-decision wagering scale (Persaud et al., 2007),

ranging from “100% sure LEFT” to “100% sure RIGHT”, with the middle level

removed to force participants commit to one or other decision. The scale had fifty

levels per side. Participants were informed that each level of the scale corresponded

to one token, which was given to them if the answer was correct and taken away

from their budget if the answer provided was wrong. Unbeknownst to participants

each token was worth 0.01 £. The discounted cumulative earnings at the end of the

experiment were given to participants, rounded by 2.50 £.
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Figure 5.2: Participants sit on opposite sides of a wooden occluder and use one
monitor, one keyboard and one mouse each, controlled by the same computer.

The member who responded first waited until the second had input a response

as well. As soon as both members confirmed their answer by pressing space bar, the

social exchange part started, where each dyad’s member was informed about their

partner’s opinion. At this point confidence changes were recorded continuously. In

contrast to the standard Judge-Adviser System paradigm (Bonaccio & Dalal, 2006),

where confidence updates happen in discrete steps, here we aimed at recording con-
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fidence on a continuous temporal scale, using a continuous post-decision wagering.

The mouse x-position along the scale was recorded every 200 ms and each data point

so collected was treated as an individual post-decisional bet, contributing to the total

amount of tokens participants were supposed to maximise. This was done to incen-

tivise participants to update their cursor position along the scale as soon as their

internal confidence changed. No clicking nor confirmation were required during the

social part to facilitate a reliable and continuous tracking of confidence change. This

part expired after five seconds (26 data points). At this point feedback was provided

to both members about the tokens earned by each member and a new trial began.

A staircase procedure was applied to both participants, so that independent of

their individual sensitivity to the task, both experienced an equal amount of correct

and error trials. Thus, different dot displays were presented to the two dyad members

on each trial. Importantly, however, the box with most dots was the same for the two

participants on any given trial. This ensured that social information coming from the

other person carried meaningful information.

Manipulation. Our manipulation involved only the social exchange part. Two

conditions were designed and alternated across blocks. In the Non-Interactive (NI)

condition, the choice and confidence level selected by each dyad’s member in the

private phase appeared on their partner’s scale as a static coloured cursor. Dyad

members were at this point asked to continuously monitor and update their confi-

dence by moving their mouse along the scale. In the Interactive (I) condition, the

social exchange part started exactly as in the Non-Interactive one, with each dyad’s

member’s cursor appearing on their partner’s scale. However, and for the whole dura-

tion of the social part (five seconds), if a member updated their confidence, this would

instantly appear also on their partner’s scale and vice-versa. This led to a situation

where participants were not only informed of their partner’s original opinions but also



5.1 Experiment 4 129

how those opinions were changing in real-time as a function of their own changes of

mind (Figure 5.3).

Figure 5.3: After playing the dot task alone participants see on their own scale their
partner’s initial opinion (NI condition) or their partner’s current cursor position (I
condition). They receive feedback on their accuracy and earnings at the end of the
trial. Bidirectional black arrows represent real-time movement along the scale. The
scale used in the actual task had 50 levels per interval.

The experiment included three blocks of practice of 10 trials each (practice with

the perceptual task, practice with the Non-Interactive condition, practice with the In-

teractive condition) and 14 experimental blocks of 25 trials each. Each experimental

block contained 2 null trials, which were private decision only trials. In null tri-

als, earnings were calculated from the confidence expressed during the private phase

only. Null trials were introduced so that participants were motivated to report their

confidence accurately also during the private decision. Normal trials’ earnings were

computed instead from the social part.

Analyses were performed to assess how social exchange (interactive or non-interactive)
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affected dependent variables of interest, mainly confidence, accuracy and confidence-

to-accuracy calibration. We thus looked at accuracy change, confidence change and

calibration change from pre-to-post social information, separately for the two condi-

tions.

Results

A note on continuous update. The use of continuous post-decision wagering

gave us a time series of confidence positions for both dyad members on every trial

over the five seconds time window of each trial’s social part. Visual inspection of

the data showed that the usual pattern of confidence update over time was char-

acterised by a single rapid transition from starting confidence level to final confi-

dence. Further adjustments were rare and remained around this final equilibrium

point. The number of transitions was formally defined as the number of times

during a trial’s social window that the following conditions applied simultaneously:

[C(t) 6= C(t − 1)]AND[C(t − 2) = C(t − 1)], where C(t) is the confidence recorded

at time sample t. The number of update transitions within a trial significantly dif-

fered between conditions, but the effect size was small (average number of transitions:

Non-Interactive = 1.11, Interactive = 1.18, t(47) = 2.95, p = .004, d = 0.12). The

result indicates that marginally (but consistently) more updates happened during the

Interactive condition.

To test for differences between conditions in the updating dynamics, we com-

puted the average absolute difference between each confidence point and the next

one (|C(t) − C(t − 1)|) over the course of the five seconds time window of the so-

cial part. Figure 5.4 shows the average absolute difference between consecutive time

points (200 ms apart) in the two conditions, indicating the stability of the update

(zero corresponding to stationary confidence). A major transition takes place around

second 1 of the social time window. Notice that the gradual decrease observed after

the first second does not necessarily indicate progressively smaller update sizes but
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could derive from averaging different trials where equilibrium was reached at different

time points of the social window. The inset shows the difference between the Inter-

active and Non-Interactive condition within participants over time. Points above the

reference line indicate larger updates in Interactive condition, points below indicate

larger updates for Non-Interactive trials. Shaded grey areas show point-wise signif-

icant differences between the two time series, suggesting that confidence updates in

the Interactive condition might have lasted for longer. However the difference did

not survive a cluster-based permutation t-test to account for multiple comparison

problems.

As different individuals might show different confidence change peaks and skew-

ness, we fitted a Poisson distribution to individual data for each condition separately

and performed second-order statistics on the estimated λ, a parameter controlling the

rightward skewness of the distribution. Greater λs indicate that confidence changes

took longer to reach equilibrium. A one-tail t-test showed that the Interactive con-

dition was characterised by larger λ values (Non-Interactive = 8.16, Interactive =

8.48, t(47) = 2.19, p = .03, d = 0.18), indicating greater rightward skewness and thus

longer times to reach stationary confidence. Although different distributions could

have been chosen instead (e.g., ex-Gaussian, χ2, beta etc.), the Poisson distribution

was preferred due to the single free parameter to be fit and because it is usually used

to describe counts of observations.

Thus, although some evidence seems to suggest that the Interactive condition

led to longer updates, the differences were modest and the effect size small. As the

average trial consisted of a single transition, analyses on confidence reported below are

performed on last confidence points registered on each trial, unless explicitly specified.
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Figure 5.4: Main plot: average absolute difference between two consecutive confi-
dence data points over the course of the 5 seconds social window. A large update is
performed within the first two seconds and then reaches a confidence equilibrium. In-
set: average difference between conditions. The absolute difference between one data
point and the next one was compared between conditions. Grey areas, indicating
pairwise significant differences, did not survive to a cluster-based permutation t-test.

Confidence distributions. Figure 5.5 shows the pre-social information confidence

distributions of each participant tested. Many distributions were highly clustered to-

wards high confidence. It may be possible that low risk aversion characterised our

participants thus making them bolder than their actual confidence. In tasks with

average accuracy greater than chance the optimal post-decision wagering strategy

is always to bet the maximum allowed. Lack of loss aversion thus can potentially

make interpretation of wagers difficult, as participants might have learnt to bet high

irrespective of internal confidence. As addressed in the Discussion however, there is

reason to believe that results were not affected by the extreme use of the confidence

scale. Interestingly, distributions of members of the same dyad seemed more simi-

lar to each other than distributions belonging to members of different dyads. This

observation inspired Experiment 7, described in Chapter 7.
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Figure 5.5: Pre-social information confidence distributions for each participant tested.
The first dyad members are shown on the first row, first and second plots. The second
dyad is shown on the first row, third and fourth plots, and so on.

Confidence changes. The influence that social information has on each dyad

member can be quantified as the distance between their post-social information

confidence and pre-social information confidence: δC = Cpost − Cpre. As shown

in Experiments 1-3, δC is expected to be positive in agreement trials and nega-

tive in disagreement trials. Given that participants’ first judgments were indepen-

dent and staircased to about 70% accuracy, we expected an agreement rate of 0.58

(i.e., 0.72 + 0.32). Close to this nominal value, the observed agreement rate was

0.60±0.03. A 2x2 ANOVA on confidence change (consensus x condition) showed sig-

nificant main effects of consensus (F (1, 47) = 150.26, p < .001, η2
G = .7) and condition

(F (1, 47) = 9.40, p < .01, η2
G = .005), but no significant interaction (F < 1).
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Figure 5.6: The effect of condition on the magnitude of confidence change. Larger
changes are observed in the Non-Interactive condition on disagreement trials and in
the Interactive condition on agreement trials. Interaction generates greater updates
in agreement and smaller updates in disagreement. Error bars represent s.e.m.

As Figure 5.6 shows, δC was negative in disagreement and positive in agreement,

indicating that, as one would expect, participants tended to increase their confidence

when their opinions agreed and decrease their confidence when they disagreed. In-

teraction had opposite effects in agreement and disagreement: participants increased

their confidence more when in agreement (t(47) = 2.69, p = .009) but decreased their

confidence less when in disagreement (t(47) = 2.08, p = .04), compared to a Non-

Interaction case. Thus, the net effect of interaction was on average to make confi-

dence changes more positive, regardless of whether the dyad members initially agreed

or disagreed. Comparing average post-social information confidence, however, we did

not find a significant difference between the Interactive and Non-Interactive condition

(Non-Interactive = 34.66±8.48, Interactive = 34.87±8.88, t < 1). Instead, confidence

differences between the conditions were more evident in the private decision phase,

being somewhat greater in the Non-Interactive condition (mean = 30.56± 8.99) than

in the Interactive condition (mean = 30.05± 8.93), although the difference was very
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small and only marginally significant (t(47) = 1.82, p = .07). Figure 5.7, representing

density plots of the pre- and post-social information confidence distributions across

conditions, indicates that perhaps Interaction was characterised by fewer extreme

pre-social information confidence ratings. The difference was however weak and it is

not believed to have confounded our findings.

Figure 5.7: Confidence distribution density plot before and after social information,
divided by condition (average across participants).

Asymmetry in confidence changes. Figure 5.8 shows the frequency distribution

of confidence changes divided by condition and consensus (agreement vs. disagree-

ment). It can be observed that, again, agreement tended to make participants more

confident and disagreement tended to make them less confident. All distributions

peaked around zero, which was by far the most common change (note that the y-

axis in Figure 5.8 uses a square root scale), suggesting that very often participants

ignored social information received. It can also be noticed that on some proportion

of disagreement trials participants increased their confidence and on some proportion

of agreement trials they decreased it. This is an interesting result if we consider that,

from a Bayesian perspective, disagreement with an independent observer should al-

ways lead to reduction of confidence and agreement should always lead to an increase

of confidence (if it is assumed that the partner performs better than chance). Indeed
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disagreement (no matter how weak) means that the other person carries disconfirm-

ing evidence for the participant’s own opinion, a fact that should always lead the

participant to become more uncertain. Conversely, agreement (no matter how weak)

carries confirmatory evidence and should result in greater confidence1.

Figure 5.8: Density plot of confidence change divided by condition and consensus.
It can be noticed that overall agreement trials correspond to increases of confidence
and disagreement to decreases in confidence. However some confidence changes in
the wrong direction are also observed.

To explore these behaviours more formally, a two-way repeated measures ANOVA

was computed on the probability of an irrational confidence change with factors con-

dition and consensus (agreement vs. disagreement). Irrational confidence changes

were defined as decreases in confidence in cases of agreement and increases in confi-

dence in cases of disagreement. To avoid including trials where increases/decreases

in confidence were simply due to involuntary cursor movements (“trembling hand”),

1Consider the case where observer A indicates LEFT as the correct answer with an initial
(prior) confidence level of P(LEFT), then learns of low confidence agreement from a partner
(which we can term “adviceL”). In this case, the posterior belief from a Bayesian perspective is
given by P (LEFT |adviceL) = P (LEFT ) ∗ [P (adviceL|LEFT )/P (adviceL|LEFT )P (LEFT ) +
P (adviceL|RIGHT )P (RIGHT )]. According to this equation, the posterior belief P (LEFT |advice)
will exceed the prior P (LEFT ) whenever social information has an above-chance likelihood of being
correct (i.e., P (adviceL|LEFT ) > P (adviceL|RIGHT )).
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we considered “change” a shift bigger than 5 confidence points in the unexpected

direction. Results were robust across other cutoffs greater than zero. Results show a

significant effect of consensus (F (1, 47) = 7.88, p = .007, η2
G = .07) but not of condi-

tion (F (1, 47) = 2.56, p = .11, η2
G = .001) and a significant interaction between the two

(F (1, 47) = 9.90, p = .002, η2
G = .005). These significant effects reflect the fact that ir-

rational changes were more frequent in disagreement than agreement (0.018 vs. 0.004

of trials) and that the Interactive condition produced more “irrational increase” trials

than the Non-Interactive condition (0.020 vs. 0.015 of trials, t(47) = 2.59, p = .01),

as well as fewer irrational decreases (0.003 vs. 0.005 of trials, t(47) = 1.98, p = .05).

Presumably irrational decreases happen when a partner agrees but is much less

confident than the participant, which might lead the participant to think that they

ought not to have been so confident in the first place. Many opinion aggregation

strategies described in the literature (Bang et al., 2014; Larrick & Soll, 2006; Pescetelli

et al., 2016) - like averaging - can explain irrational decreases, but not irrational

increases. We were thus particularly interested in irrational increases in confidence

after disagreement, which occurred more frequently than irrational decreases and are

difficult to reconcile with any obvious confidence-update strategy. This irrationality

could occur through non-linear dynamics introduced by the possibility of interaction.
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Figure 5.9: The figure shows a simple toy model emulating how confidence could
increase after disagreement in interactive condition. Two individuals, red and blue,
starts at time 1 with different levels of confidence on opposite decisions (i.e. disagree-
ment). In a Non-Interactive condition the two individuals update their initial opinion
with their discounted partner’s opinion (dashed lines). In Interaction on the contrary
the same update rule is applied on every iteration until equilibrium is reached (solid
lines). This latter condition leads to irrational increases (e.g, red line ends more
confident than at starting point).

To see how, consider the following simple simulation that tried to mimic belief

update in the two conditions. Consider an example trial where a participant (Pmax)

starts off on a confidence level of Cpre
max = 0.6(a.u.) while his/her partner (Pmin) weakly

disagrees (Cpre
min = −0.4). Imagine now that both participants use a simple update

strategy, namely summing their own initial confidence with their partner’s discounted

confidence (Pescetelli et al., 2016) (here: discount factor = 0.80). In a situation where

no interaction is allowed participants can only use their partner’s initial opinion to get

to a new confidence, thus reaching levels of Cpost
max = 0.28 and Cpost

min = 0.08. Imagine

now an interactive scenario where the participant has access at each iteration to

his/her partner’s current confidence level and uses it to recursively updates his/her

initial confidence. Figure 5.9 shows that this simple strategy leads to an oscillatory
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update that stabilises for Pmax on a higher confidence than initially held. The effect

can be explained by the fact that as soon as Pmin crosses the decision boundary 0,

disagreement turns into agreement, thus supporting Pmax’s initial opinion, instead of

providing contradictory evidence. To test for recursive dynamics in our behavioural

data we counted, for each condition, the average number of times the direction of the

update (i.e., stationary/increase/decrease) changed in the update window. Formally:

(rt − rt−1) 6= 0, r = sign(Ct − Ct−1). Changes of update direction were significantly

more frequent in Interactive than Non-Interactive condition (Non-Interactive = 2.41±

1.26, Interactive = 2.55 ± 1.27, t(47) = 2.62, p = .01, d = 0.11), supporting the

intuition behind our toy model. Besides, it must be observed that such a process

could in principle happen implicitly before or during participants’ cursor’s movement

without being overtly oscillatory. This simulation offers a proof of concept rather than

an exhaustive description of the mechanisms underlying irrational increases. The key

point is simply to show how irrational increases in confidence could arise through

interaction. Irrationality here comes from the fact that a partner’s update (which

reflects the participant’s own influence) is then incorporated into the participant’s

updated belief as if it were independent evidence. That being said, the simulation

predicts that only dominant participants should increase their confidence in cases of

disagreement. We re-tested the frequency of irrational increases observed in dominant

and dominated participants across the two conditions (where dominance is defined

trial-wise according to expressed confidence) and found that indeed only dominant

participants showed a significantly higher rate in interaction than in no-interaction

(0.012 vs. 0.008 of disagreement trials, t(47) = 3.29, p = .001, d = .21), but dominated

participants did not (0.007 vs. 0.007 of disagreement trials, p > .8).

A multivariate opinion space to represent dyad states. As both participants

could independently vary their confidence at the same time along the confidence

scale, confidence between dyad members was orthogonal to each other. Thus, any
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analysis that averages across trials without taking into account this complexity risks

missing effects that are observable only on specific subsets of trials. To explore this

complexity in the data, we plotted dependent variables of interest, like confidence

changes, on a 2-dimensional “opinion space” (Pescetelli et al., 2016), representing

them on a multivariate surface (see Figure 5.10 below for an example). The x-axis

of the opinion space represents the confidence of the more confident or “dominant”

member (Pmax) on any given trial, thus ranging from 1 (minimum confidence level

allowed) to 50 (maximum confidence level allowed). The y-axis of the opinion space

represents the confidence of the less confident or “dominated” member (Pmin) on a

given trial and relatively to their more confident partner. As Pmin can either agree

or disagree with Pmax, y-axis ranges from -50, disagree with maximum confidence, to

50, agree with maximum confidence. This creates a grid of possible social situations

where the dyad’s state - namely both members’ choices and confidence levels - is fully

represented by a set of coordinates. This notation also gets rid of redundancy of the

side of the choice (LEFT vs. RIGHT) and maintain only the reciprocal distance of

opinions along the scale. Unless specified otherwise, the (x,y) coordinates represent

the dyad’s state before social information is exchanged, while the colour (z-axis) can

represent any dependent variable of interest (e.g., the change in confidence from pre-

to post-social information of either dyad member).

The space can be divided in two areas, depending on initial consensus. The top half

represents situations where the dyad members agreed on the same interval before the

social exchange period. The bottom half on the contrary represents situations where

they initially disagreed. The bottom right and top right corners represent situations of

maximum conflict (-50, 50) and maximum agreement (50, 50) respectively. Point (0,0)

on the contrary represents a nominal situation of maximum uncertainty, although a

wager of 0 was not allowed in this experiment. The domain of existence of the opinion

space does not include, by definition, points where the x-coordinate is smaller than

the y-coordinate. Points outside the domain of existence are represented as the lowest
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value of the color map in all figures below. The opinion space is simply a method to

visualise the data of interest - e.g., the confidence changes explored above - to give

insights into possible effects that do not appear in the averaged data. I will provide

a qualitative description of the graphs, but do not apply any statistical testing, also

because subdividing trials into many cells (each individual set of coordinates) results

into sparse or uneven split of trials.

To further understand how confidence changes were affected by the initial con-

figuration of members’ opinions, we plotted median confidence change δC using the

multivariate representation (Figure 5.10). Trials within each condition and dyad were

linearly interpolated, due to data sparseness, using MATLAB “scatteredInterpolant”

function. The figure shows median confidence change across dyads in Non-Interactive

(panels A,D) and Interactive (panels B,E) conditions. Confidence changes were di-

vided by trials when the participant held the dominant (A-B) or dominated (D-E)

opinion. The multivariate plot can also be used to plot contrasts between conditions,

as shown in panels C and F for the dominant and dominated case respectively. The

contrast plot represents the difference between the Interactive and Non-Interactive

conditions. In both dominant (panel C) and dominated (panel F) trials, warmer

colours are observed on grid positions corresponding to situations of uncertain agree-

ment (points x on the graphs). The warmer colour represents the fact that in these sit-

uations interaction led to greater confidence increases than in the non-interactive case

in both members. As it can be seen from the colourmap, confidence change magnitude

in the Interaction condition (panel B,E) under uncertain agreement is around 20-30

confidence points, indicating that in these trials participants tended to converge to the

maximum confidence level. A real-time animation of confidence change can be found

at https://niccolopescetelli.com/confidence-change-in-opinion-space/.

Another point of interest in both contrast plots can be observed in the disagree-

ment half of the opinion space (points y, panels C and F). These were trials when the

https://niccolopescetelli.com/confidence-change-in-opinion-space/
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dominant member was highly confident and the dominated member weakly disagreed.

The warmer colour in panel C represents the fact that in these trials the dominant

member reduced their uncertainty less compared to non-interactive information shar-

ing. We have seen above how interactive condition reduced the disagreement effect

on confidence change. The representation in opinion space helps to further pinpoint

which trials and which dyad member this effect was mostly driven by. Similarly, confi-

dence changes in dominated trials showed reduced confidence decreases in interaction,

as indicated by the negative values on the contrast plot (panel F, point y).



5.1 Experiment 4 143

Figure 5.10: Confidence change observed for every social situation, according to the
confidence of the more (Pmax) and less (Pmin) confident participant. (x,y) coordinates
represent the pre-social information dyad’s state, while the colour (z-axis), represents
confidence change. Panels A-C represent confidence change in dominant trials in Non-
Interactive condition, Interactive condition and their contrast respectively. Panels
D-F represent confidence change in dominated trials in Non-Interactive condition,
Interactive condition and their contrast respectively.

Coupling of confidence changes in interaction. The results presented so far in-

dicate how confidence changes were affected by the partner’s opinions, but say nothing
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about how the two varied together in each trial. To investigate this issue, we correlated

the absolute confidence changes of members of the same dyad. Absolute confidence

change was defined as the absolute difference between final post-social decision confi-

dence and pre-social decision confidence, with zero representing situations where the

participant did not move along the scale after knowing their partner’s opinion. I cor-

related across trials absolute confidence changes of members belonging to the same

dyad. Figure 5.11 shows the average Pearson’s r coefficient when calculated separately

for the factorial combination of consensus (agreement vs. disagreement) and condi-

tion. A 2x2 ANOVA (consensus x condition) on Pearson’s r coefficients, with dyad as

the random effect (1 dyad removed for a missing cell), showed a main effect of consen-

sus (F (1, 22) = 20.93, p < .001) but not of condition (F (1, 22) = 1.71, p = .20), and a

significant interaction between the two (F (1, 22) = 38.39, p < .001). Not surprisingly,

when dyad members could not see each other’s confidence changes (Non-Interactive

condition), one member’s confidence changes were uncorrelated from their partner’s.

In the Interactive condition on the contrary, the two changes became coupled: In

agreement trials, the correlation was positive, indicating that the more one mem-

ber increased their confidence the more their partner also increased their confidence;

in disagreement, the correlation was negative indicating that the more one member

decreased their confidence in their initial decision the less their partner decreased

their confidence. Pairwise contrasts showed that, compared to Non-interactive condi-

tion, in the Interactive condition correlation coefficients were significantly greater for

agreement (t(22) = 4.89, p < .001, d = 1.20) and marginally smaller for disagreement

(t(22) = −2.02, p = .05, d = −0.52).
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Figure 5.11: Effect of condition on the correlation between absolute confidence
changes of the two participants across trials. Average Pearson’s correlation coeffi-
cient is plotted as a function of consensus and condition.

This coupling of confidence change in interaction hints to the fact that participants

made use of their partner’s confidence change when updating their own confidence, as

opposed to basing their change on their partner’s independent (i.e., initial) opinion.

A nested linear mixed-effects model on trial-by-trial absolute confidence change was

run to test this hypothesis. The model was defined as follows:

|δsC | ∼ Cs
pre ∗ Cp

pre ∗ Condition ∗ |δ
p
C | ∗ Consensus+

(1 + Cs
pre + Cp

pre + Condition+ |δpC |+ consensus|dyad)+

(1|subject : dyad)

(5.1)

where the dependent variable |δsC | is the absolute confidence change observed on a

particular dyad member (self ). Predictors included the participant’s initial confidence

Cs
pre as well as their partner’s Cp

pre, the condition (Non-Interactive vs. Interactive),
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the relationship between their initial views (agreement vs. disagreement), absolute

confidence change observed in the partner |δpC |, and all interaction terms. The in-

troduction of the term |δpC |, i.e. the absolute partner’s confidence change, is crucial

in testing our hypothesis. Indeed, a rational agent would only use task-relevant

information (perceptual evidence) to update its confidence. It would not use part-

ner’s confidence change, given that this is non-independent and biased by the agent’s

opinion itself. Confidence and confidence change were normalised within participants;

condition and consensus were declared categorical predictors. Random intercepts and

slopes for each dyad were modelled for each main effect. Participants were declared

nested within dyads. Main effects are shown in table below:

Estimate SE tStat DF p

Intercept 0.2264 0.0494 4.5739 15424 <.001***
Interaction -0.0512 0.0297 -1.7185 15424 .08
Agreement -0.3118 0.0713 -4.3716 15424 <.001***
|δpC | -0.0287 0.0180 -1.5896 15424 .11
Cs

pre -0.0251 0.0424 -0.5911 15424 .55
Cp

pre 0.2953 0.0321 9.1809 15424 <.001***

Table 5.1: Fixed main effects of a linear mixed-effect multilevel model run on trial-by-
trial absolute confidence update. Main predictors are (a) condition: Non-Interaction
(reference), Interaction; (b) consensus: Disagreement (reference), Agreement; (c)
partner’s absolute confidence change (|δpC |); (d) personal initial confidence (Cs

pre);
(e) partner’s initial confidence (Cp

pre).

The interaction term between condition and consensus (β = 0.14, SE = 0.03, p <

.001) confirmed the opposite effects condition had on confidence change in agreement

and disagreement trials. Importantly, this interaction was positively modulated by

partner’s absolute confidence change (β = 0.29, SE = 0.03, p < .001), suggesting

that the more a participant’s partner was willing to change their initial confidence

the greater the participant’s changes were in agreement trials and the lower they

were in disagreement trials, confirming our hypothesis that participants made use of

non-independent information, thus generating the judgments correlations found in
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Figure 5.11. The same condition by consensus interaction was negatively modulated

by participant’s initial confidence (β = −0.08, SE = 0.03, p = .007) suggesting that

the stronger the confidence initially held the less Interaction differed from a Non-

Interactive baseline. The opposite relation was true for the participant’s partner’s

initial confidence (β = 0.09, SE = 0.03, p = .001) indicating that, in Interactive

compared to Non-Interactive condition, greater partner’s initial confidence predicted,

after agreement, greater participant’s confidence increases. In disagreement, on the

contrary, the same factor predicted smaller confidence decreases.

Implications for accuracy. One hypothesis brought forward in the literature on

collective intelligence is that social interaction hampers the collective wisdom by

breaking the independence of the individual judgments (Lorenz et al., 2011). The

traditional interpretation of wisdom of crowds effects (Galton, 1907) is the Noise

Cancelling Hypothesis, which explains the accuracy improvement seen in opinion

aggregates as a statistical phenomenon of noise reduction following averaging of in-

dependent samples (here the private initial opinions). This hypothesis predicts that

breaking the independence between measures should have negative effects on accu-

racy, as errors get correlated instead of averaging out. In their experiment Lorenz et

al. (2011) showed that simple exposure to others’ opinions had damaging effects on

performance. If this interpretation is correct, in the present study we should observe

that (1) simple exposure to another person’s opinion negatively affects performance;

(2) the effect of social exposure is even more damaging on performance in the Interac-

tive condition, as this condition affects the independence of the individual estimates

more than the Non-Interactive one (Figure 5.11).

A 2-way ANOVA on accuracy with factors condition (Non-Interactive vs. Inter-

active) and decision type (pre- vs. post-social information) showed a significant effect

of decision type (F (1, 47) = 47.00, p < .001, η2
G = .16) but no significant effect of con-

dition (F < 1) nor significant interaction (F (1, 47) = 0.91, p = .34, η2
G = .001).
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Results show that social information had a beneficial effect on average accuracy

(pre-social information accuracy = 0.72, post-social information accuracy = 0.75,

t(47) = 7.14, p < .001). The finding indicates that, contrary to Lorenz et al. (2011),

exposure to another person’s opinion did not reduce accuracy. Furthermore, Interac-

tion did not reduce accuracy improvement compared to Non-Interaction, indicating

that increased dependence between confidence updates (as indicated in the analyses

of Figure 5.11) had no significant damaging effect on accuracy either.

However, condition might have affected people’s opinions without making them

changing their initial answer (Bonaccio & Dalal, 2006). We thus tried to define a more

nuanced definition of accuracy improvement as confidence changes toward or away

the correct end of the scale: δaccG = (Cpost −Cpre)
Acc ∗ (Cpre −Cpost)

1−Acc, where Acc

can be either 1 or 0. We tested whether participants improved their initial judgment

although keeping their initial views. The same 2x2 ANOVA did not show any effect

of condition on graded accuracy improvement δaccG nor interaction (F < 1), thus

rejecting the idea that condition had an influence on accuracy.

Calibration change. Results so far show that interaction increased participants

final confidence without affecting their final accuracy. We thus investigated whether

interaction affected the calibration of confidence relatively to objective accuracy, de-

fined here as the type II AROC (Fleming & Lau, 2014). The same two-way ANOVA

used for choice accuracy was run on type II AROC . Results show a significant effect

of decision time (F (1, 47) = 89.58, p < .001, η2
G = .25), indicating calibration im-

provement from pre- to post-social information phase (0.60 vs. 0.66), but no effect of

condition nor interaction between the two (F < 1), indicating that overall condition

did not impact on calibration improvement.
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Comparing human behaviour with Bayesian opti-

mality

In this section, I compare human confidence updates with a normative framework

obtained from Bayes theorem. If we assume that participants’ expressed confidence

linearly maps onto probability scale, we can aggregate participants’ independent judg-

ments using Bayes rule. We assume for simplicity that participants are perfectly

calibrated, that is their expressed confidence (expressed in probability) has a 1:1 re-

lation with the probability of a correct response on a given trial. We know that this

is a simplifying assumption, as studies have demonstrated that people greatly vary

in their confidence calibration (Fleming, Weil, Nagy, Dolan, & Rees, 2010; Song et

al., 2011). Nevertheless, variability in partner’s confidence judgments should be used

by the participant to inform his/her own judgment as it carries crucial information

about the partner’s trial-by-trial probability correct.

Participants’ confidence (range: -50 = “100% Sure LEFT” to 50 = “100% Sure

RIGHT”) were passed through a linear transformation that mapped them onto a

probability scale and prevented values 0 and 1 to avoid impossible solutions (range:

0.01 = “100% Sure LEFT” to 0.99 = “100% Sure RIGHT”). The probabilities Ps and

Pp so obtained - representing dyad members’ independent priors (cf. Harris, Hahn,

Madsen, & Hsu, 2016)- can now be integrated as:

postnorm =
PsPp

PsPp + ¬Ps¬Pp

(5.2)

where ¬Ps and ¬Pp are 1 − Ps and 1 − Pp respectively, representing the sub-

jective probability of an error. The posterior confidence so obtained (in probability

scale) represents the post-social information confidence held by a normative opinion

aggregation method.
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Humans show overconfidence compared to Bayes

The normative confidence change δnorm was then compared to the empirical confidence

change δemp observed in the data. This produced an error term that quantifies the

discrepancy between normative and empirical change: Err = δemp − δnorm. Positive

error values indicate the participant’s post-social information confidence was greater

than the normative model. Correspondingly, negative values indicate that partici-

pants’ post-social information confidence was too low. The results, shown in Figure

5.12, show that on average participants were more confident than the normative pos-

terior after a disagreement and less confident than the normative posterior after an

agreement. The magnitude of the discrepancy was larger in disagreement trials. A

2x2 ANOVA on the Err quantity revealed a significant effect of consensus (F (1, 47) =

68.37, p < .001, η2
G = 0.46) and condition (F (1, 47) = 4.97, p = .03, η2

G = .002) but

no significant interaction (F < 1), indicating that deviations were more on the posi-

tive side (overconfidence) for Interactive trials than for Non-Interactive ones, and for

disagreement than for agreement. When compared to zero (normative posterior), in

disagreement both conditions resulted in overconfidence (t(47) > 8.34, p < .001). In

agreement trials, the Non-Interactive condition was significantly below zero - indicat-

ing underconfidence (t(47) = −3.06, p = .003) - but the Interactive condition was not

(p > .1), suggesting that interaction made agreeing participants’ confidence update

indistinguishable from the normative update. The finding relates back to previous re-

sults indicating that people often stick with their original confidence rating, and that

they are more confident in the Interactive condition than Non-Interactive condition.
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Figure 5.12: How confidence changes observed in the data compare with confidence
changes expected according to a normative Bayesian update.

Root mean squared errors between the normative and empirical posteriors are

shown in opinion space in Figure 5.13. The plot aims to give a qualitative description

of the normative behaviour compared to the humans. The graph shows that normative

optimality more accurately represents the dominant opinion’s shifts rather than the

dominated opinion ones, as indicated by the magnitude and extension of warmer

areas in the latter (indicating larger errors). The representation along the opinion

space allows us to understand in which trials participants depart from a Bayesian

strategy the most. Differences between dominant and dominated trials are due to the

fact that, as seen previously, individuals often stick with their initial judgment. This

conservativeness, however, plays against individuals in dominated disagreement trials

characterised by high conflict, as the normative framework prescribes here to follow

the more confident view.
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Figure 5.13: Residuals (RMSE) between Bayesian posterior confidence and human
posterior confidence. The representation along the opinion space allows to understand
in which trials participants depart from a Bayesian strategy the most.

Inferring social information perception with inverse Bayes

To understand what strategy human participants are adopting when receiving social

information we reversed Bayes equation to infer participants’ perception of the social

information they were receiving. The standard Bayes equation is used by the optimal

observer to infer the predicted posterior confidence given a prior confidence level Ps
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and a partner’s opinion Pp (equation 5.2). However, by solving the equation in Pp

(i.e., the likelihood term), we can infer the perceived partner’s confidence P̂p, given

the participant’s prior Ps and posterior confidence posts:

P̂p =
posts(Ps − 1)

2Psposts − Ps − posts
; (5.3)

In other words, we are asking: What perceived evidence can justify the observed

participant’s final confidence, given his/her initially stated confidence? Figure 5.14

shows, across all trials and all participants (pooled data), perceived partners’ support

(y-axis) as a function of partners’ stated support (x-axis) and prior subjective confi-

dence (colour), with 1 corresponding to social information that maximally agrees with

one’s own opinion and 0 to social information that maximally disagrees. A perfectly

unbiased participant would have all points along the y = x line, thus using their

partner’s social information as the partner themselves is stating it should be used.
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Figure 5.14: By reversing Bayes rule, the figure shows how much a partner’s opin-
ion is perceived to support one’s own opinion compared to the partner’s objectively
expressed support. Colour represents participant’s prior confidence.
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It can be seen however that great variability exists across trials. As evidenced

already in the confidence change distribution (Figure 5.8), many trials fall along the

the y = 0.5 line, which means that in many trials people completely ignored the

social information received. For agreement and disagreement trials separately and

for each pre-social information confidence level, we counted the number of times

participants ignored social information (i.e., the perceived evidence of a given par-

ticipant fell into the [0.45 0.55] bin) and divided it by the total number of obser-

vations. As expected, the rate of ignoring social information was the highest when

the participant started from a high pre-social information confidence (Figure 5.15).

However, it did not seem to scale monotonically with initial confidence as a Bayesian

normative framework would suggest. The probability of ignoring social informa-

tion was also very high in disagreement trials when the participant started from

the lowest possible confidence, thus when social information was maximally use-

ful. A linear model with a quadratic term for pre-social information confidence

bin was fitted to the data: p(Ignore) = 1 + Cpre + C2
pre. Results showed that

in disagreement both the linear (b = −0.25, SE = 0.05, t = −4.70, p = .04) and

quadratic term (b = 0.04, SE = 0.009, t = 5.19, p = .03) were significant, ex-

plaining 87% of the variance (AdjustedR2). In agreement trials on the contrary

neither the linear (b = −0.3, SE = 0.15, t = −1.93, p = .19) nor the quadratic

(b = 0.06, SE = 0.02, t = 2.45, p = .13) terms reached significance, indicating that

in disagreement but not in agreement a quadratic term could describe the pattern of

ignoring advice. A word of caution in interpreting the results must however be made.

The analysis is purely exploratory as the pattern was not initially predicted by our

theory. Post-hoc analyses may risk increasing the rate of false positives. However,

exploring the data - particularly when phenomena are poorly understood - has the

potential of creating new hypotheses and design future experiments.
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Figure 5.15: The bar plot shows the probability of ignoring social information as a
function of initial confidence. Error bars represent s.e.m. Ignoring social information
is defined as the number of trials perceived evidence was between 0.45 and 0.55 divided
by the number of total observations in each condition. A quadratic relation between
pre-social information confidence and probability of ignoring social information exists
in disagreement but not in agreement trials.

We plotted the distributions of the partner’s stated and perceived evidence for

every participant, divided by trials in which the participant held the dominant vs.

the dominated view. Comparing the two distributions provides insights into how

empirical evidence (i.e., partner’s stated support for the participant’s opinion) gets

distorted when perceived by the participant (i.e., actual use of partner’s social in-

formation). We removed trials in the highest pre-social information confidence bin

to avoid analysing trials when ignoring social information was actually driven by

initial confidence. Results (Figure 5.16) show a stark dissociation between a part-

ner’s stated support and the participant’s perceived support. Because social infor-

mation given to the dominant member is, by definition, given with relatively low
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confidence, the distribution of stated social information peaks around 0.5. Similarly,

social information given to the dominated member necessarily peaks at high confi-

dence levels - indeed the peaks were at the highest possible confidence levels of 0

and 1. Importantly however the perceived evidence for both members followed a tri-

modal distribution, peaking at 0.5 (neutral social information), 1 (strong evidence in

favour), and to a lesser extent 0 (strong evidence against), suggesting a non-linear

transformation of the received social information. In other words, a relatively ho-

mogeneous distribution of evidence (supporting subjective view) is converted into a

semi-categorical distribution. To quantify this intuition I fitted on the agreement

portion of the graph (x > 0.5) a linear model with a quadratic term for evidence bin:

frequency = 1 + evidence+ evidence2. Results showed that the quadratic terms did

not reach significance for partner’s stated evidence (dominant: b = 0.50, SE = 0.21;

dominated: b = 0.22, SE = 0.46), but were significant for the participant’s per-

ceived evidence (dominant: b = 2.39, SE = 0.57, t = 4.19, p = .02; dominated:

b = 3.84, SE = 0.56, t = 6.75, p = .006), explaining 80% and 90% of the variance

for dominant and dominated trials respectively (AdjustedR2). It was further noticed

that the dominant partner seems to overinterpret weak agreement, as indicated by

the peak around 1; the dominated partner seems to discount strongly disagreeing

social information, as indicated by lower blue bars compared to red bars, for evidence

below 0.30.
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Figure 5.16: Contrast between partner’s stated confidence in support for participant’s
independent view and participant’s perceived support of partner’s opinion, as inferred
using inverted Bayes.

Egocentric and confirmation biases

Participants tended to ignore advice most of the time. This behaviour resulted in

perceived evidence clustering around 50% (neutral evidence) and participants being

close to rational optimality in agreement, but less so in disagreement (Figure 5.12

and 5.13). Egocentric bias is a phenomenon consistently observed in Judge-Adviser

System studies consisting of applying different weights to own and others’ opinion

(Bonaccio & Dalal, 2006; Yaniv & Kleinberger, 2000). Our design also allows us to
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look at conditions under which this bias is particularly strong.

To quantify the extent of egocentric bias I fitted a linear model on perceived

evidence with only predictor partner’s stated evidence (0=confident disagree; 1=con-

fident agree). Regressions were fitted for each participant, dominance type and for

agreement and disagreement separately. Regression lines were anchored at (0.5,0.5),

so to obtain a bilinear transfer function from stated to perceived evidence. This extra

degree of freedom allowed us to have different discounting factors for agreement and

disagreement trials. Fitted coefficients α (i.e., slope in agreement trials) and β (i.e.,

slope in disagreement trials) represent the discount factors that participants apply to

their partners’ stated opinion, in agreement and disagreement trials respectively. A 3-

way ANOVA on discounting factors with factors dominance, condition and consensus

showed an effect of consensus (F (1, 47) = 10.97, p = .001, η2
G = 0.035). This effect in-

dicates that contradictory social information (i.e., disagreement) was discounted more

than supporting evidence (i.e., agreement), a phenomenon known in literature as con-

firmation bias (Nickerson, 1998). No significant main effects of condition or dominance

were found (F < 1) nor a significant interaction between the two (F < 1). Significant

interactions between consensus and condition (F (1, 47) = 10.05, p = .002, η2
G = 0.003)

and consensus and dominance (F (1, 47) = 19.79, p < .001, η2
G = 0.03) were found, in-

dicating that Interactive condition tended to increase discounting in disagreement and

to decrease it in agreement. The effect can be explained by the increased agreement

effect and decreased disagreement effect observed in the Interaction condition (Figure

5.6). Figure 5.17 shows discounting factors divided by dominance, condition and con-

sensus. Lower values indicate greater discounting (e.g., 0.5 means that the supporting

evidence objectively provided by social information is perceived as halved). It can be

seen that all values are below 1, indicating discounting of partner’s views.
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Figure 5.17: The bar plot above shows the discounting factors β and α, representing
the discount that partner’s social information, received on disagreement and agree-
ment trials respectively.

Human discrepancy from the rational observer (Figure 5.13) was recomputed tak-

ing into account social information discounting and re-plotted in opinion space for

dominant and dominated trials and for interactive and non-interactive conditions

(Figure 5.18). As expected this formulation better describes participants’ behaviour,

compared to Figure 5.13.
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Figure 5.18: The graphs above represents the discrepancy between the nominal
Bayesian update and the empirical human update, after taking into account ego-
centric and confirmation biases. Results are divided by dominant and non-dominant
trials and by Interactive and Non-Interactive conditions.
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Discussion

Experiment 4 aimed at comparing social exchanges characterised by one-step com-

munication with social exchanges characterised by recursive interaction. Compared

to traditional Judge-Adviser System experiments (Bonaccio & Dalal, 2006; Sniezek &

Buckley, 1989), real-life social situations are characterised by real-time bi-directional

dynamics (Schilbach et al., 2013). The experiment aimed to explore how a social

system composed of people exchanging opinions is affected by the modality of social

information communication over and above the content of communication itself.

The effect of condition on confidence change highlights the point that in conditions

with equal information - in both the Interactive and Non-Interactive conditions, dyad

members viewed the stimulus for 160 ms only - different opinion aggregation strategies

can be observed depending on the communication modality between partners. Real-

time dynamical interaction produced higher confidence changes in agreement and

smaller confidence changes in disagreement. The reason why this happened can be

explained by the breaking of independence between members’ opinions. Confidence

changes of the two participants became correlated during Interaction compared to a

Non-Interactive baseline. In agreement, greater changes in one member corresponded

to greater changes in the other. In disagreement, greater changes in one member

corresponded to smaller changes in the other. The reason why these two effects

coexist was made clearer by the trial-by-trial mixed-effects hierarchical model. The

mixed-effects model showed that the opposite effect that condition had on absolute

confidence change in agreement and disagreement trials was positively modulated

by a member’s partner’s absolute confidence change. This suggests that different

pieces of information were used to update one’s own initial confidence in the two

conditions. In Non-Interactive trials participants could make use only of their own

and their partner’s initial confidence. In Interactive trials on the contrary, participants

had also access to the other person’s confidence change. The significant interaction
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found in the mixed-effect model between consensus, condition and partner’s absolute

change suggests that participants indeed made use of partner’s absolute change to

update their opinion, without taking into account that it was biased (and indeed

generated) by their own judgment. As seen already in previous chapters, people seem

to use a host of cues to infer the probability of an event (in our task the correct

box), with little or no adjustment for systematic biases. Another potential cue that

participants might have been exposed to in Interaction is the responsiveness of the

partner’s update. Although reaction times could not be defined during the social

part given the continuous update window, estimation of the speed to update was

estimated by fitting a sigmoid curve to the confidence update (see Appendix B for

details). Results seem to indicate that partner’s confidence change was a stronger

predictor of the participant’s change than partner’s responsiveness was.

Phenomena of belief escalation have already been observed in regards to confidence

(De Martino et al., 2013; Mahmoodi et al., 2013). These studies found that reciprocal

social interaction makes people’s judgments more risky and extreme, a result remi-

niscent of earlier findings on group polarisation (Myers & Lamm, 1976). The present

study shows that a crucial cause of confidence escalation is the use of redundant infor-

mation: participants should only use each other’s independent opinions to arrive at

a final decision because this is the only information that carries task-relevant value.

However they also (incorrectly) use how much their own opinion is affecting their

partners’. This creates dependencies that can potentially create non-linear dynamics

in opinion aggregation. A side effect of such non-linear dynamics is, for example, an

asymmetric distribution of irrational confidence changes, in agreement and disagree-

ment trials. In particular, confidence increases after disagreement were more frequent

than confidence decreases after agreement, suggesting that partner’s changes of mind

could sometimes be perceived as supporting evidence for one’s views.

Plotting confidence changes in opinion space aided to distinguish which trial sub-

sets the two conditions differed the most. Greater differences were observed in agree-
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ment trials characterised by uncertainty and disagreement trials characterised by

great imbalance between opinions’ strengths.

Accuracy did not differ between the two conditions. Interaction did not affect

confidence calibration overall, probably because confidence increases in agreement

and decreases in disagreement happened both after correct and error judgments.

According to a Noise Cancelling hypothesis of collective intelligence (Galton, 1907;

Lorenz et al., 2011), social exchange should always lead to worse outcomes, because

dependencies between individual measures increase noise correlation. According to a

Confidence Sharing hypothesis however (Bahrami et al., 2010; Navajas, Niella, Gar-

bulsky, Bahrami, & Sigman, 2017), interaction should have beneficial effects because

confidence helps the group to wisely arbitrate between contrasting opinions. Based

on this literature it was thus expected that accuracy in our experiment should have

improved given that in both conditions participants shared their confidence levels.

This is exactly what was observed: overall accuracy improved after social exchange.

However, we also expected to observe smaller accuracy improvements in Interaction

compared to Non-Interactive situations. This is because the dependency observed

in interaction between confidence changes was expected to pollute participants task-

relevant signal. However we did not observe any difference in accuracy improvements

between the two conditions. Accuracy was operationalised both as choice accuracy

([0 1]) and as confidence in the correct answer to be sure to detect even sub-threshold

improvements (Bonaccio & Dalal, 2006), however neither of these measures was af-

fected by condition. A possible explanation is that although confidence increased

when members agreed on the correct trial, it also increased when they agreed on

the incorrect trial. Similarly, it decreased, unspecific to accuracy, following disagree-

ment. Thus both accuracy improvement measures remained relatively unaffected by

the presence of interaction, suggesting that dyad members seemed driven entirely by
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their reciprocal confidences (and updates thereof) without any specificity to underly-

ing objective accuracies or stimulus presentation. Confidence sharing thus seems to be

a powerful strategy that benefits groups (Navajas et al., 2017) as well as individuals

and that remains robust to phenomena of error cascades.

Presumably, however, the independence of partners’ judgments protected accuracy

from systematic errors and contributed to the absence of an effect of condition on

performance. Arguably, if we had introduced a systematic bias across members’

judgments, as it was the case in previous experiments, interaction might have led to

greater errors than non-interaction.

The use of a Bayesian normative framework helped us better describe the mech-

anisms underlying confidence updates observed in participants. The model showed

that although a normative probability update can describe well situations of agree-

ment among participants, this is not the case when disagreement emerges between

members. Further analyses showed that, particularly in disagreement, members of

a dyad tended to discount each other’s social information remaining excessively an-

chored to their initial opinions. Partner’s opinion was heavily discounted (∼ 80%

to ∼ 60%) suggesting existence for an egocentric bias Yaniv and Kleinberger (2000).

Moreover discounting was asymmetrical for agreement and disagreement, suggesting

a confirmation bias where supporting evidence is treated differently from disconfir-

matory one (Nickerson, 1998). Notice that, contrarily to Bahrami et al. (2010) who

required participants to arrive at a joint decision, participants in the current exper-

iment did not have to agree on one interval to complete the trial. This allowed to

expand the original results from Bahrami et al. (2010) and to understand opinion

change in situations when opinions do not get aggregated and participants “agree to

disagree”. No effect of condition was found on discounting parameters, as condition

exerted opposite effects in agreement and disagreement trials.
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An interesting result of the normative framework was shown by comparing empir-

ical support for one’s view received through social information (in probability terms)

and inferred perceived support. By applying inverted Bayes inference, results evi-

denced that social information got distorted when being received by a participants.

Contrary to empirical supporting evidence (i.e., partner’s stated confidence for the

participant’s view), perceived evidence (i.e., use of social information) seemed to fol-

low a bi- or tri-modal distribution, with peaks around 50%, corresponding to neutral

social information, 100%, corresponding to maximally supporting social information,

and to a lesser extent 0%, corresponding to maximally disconfirming social informa-

tion. In other words, an originally homogeneous distribution of social information

is converted into a semi-categorical distribution. An intriguing hypothesis is that

people are solving a categorical inference problem. Instead of using continuous social

information as it is provided by their social partners, participants are classifying each

trial as “partner is wrong” vs. “partner is correct”, and once this categorization is

performed social information is used accordingly: the peak around 50% would then

represent trials that the participant classified as “partner is wrong”; the peak around

100% represents agreement trials classified as “partner is correct”; and the 0% peak

represents the much less numerous disagreement trials that the participant classified

as “partner is correct”. If correct, this explanation would suggest that participants

try to minimize situations of uncertainty (e.g. 0.25 or 0.75 evidence), thus maximizing

the impact of social information on final confidence.

Risk aversion. Subjective pre-social information confidence distributions were skewed

toward the high confidence end of the scale. This hints to the fact that the payoff

structure of the task might have made participants risk-seeking. The interpretation

of confidence results with post-decision wagering scales is easier if participants are

loss averse (Clifford, Arabzadeh, & Harris, 2008). Aware of these issues before start-

ing recruiting, we tested participants for loss aversion using the coin gamble method
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described in De Martino, Camerer, and Adolphs (2010), which allows to compute

risk-aversion by quantifying the point of subjective indifference between losses and

gains. An index of zero indicates that the subjective positive affect of gaining 1 re-

ward unit (e.g., a pound) equals the subjective negative affect of loosing 1 reward unit

(Kahneman & Tversky, 1979). A t-test across participants showed that risk-aversion

indexes were significantly greater than zero (t(41) = 6.19, p < .001), after excluding

six participants due to missing data, thus rejecting the hypothesis that participants

did not show loss-aversion.

Conclusions

The present study is an attempt to capture non-linear dynamics that are potentially

present in realistic social information sharing . This study is important in setting the

limits of traditional Judge-Adviser Systems paradigms in studying social phenom-

ena. It shows that not only the task-relevant information provided by social partners

is important but also the modality in which information is shared and transformed

across individuals. Real-time interaction as seen in most daily social exchanges is

recursive and dynamic in nature so any static paradigm risks to miss important as-

pects of the phenomena under consideration. We showed that having access to one’s

partner’s change in opinion (as opposed to partner’s opinion alone) generates phenom-

ena of confidence escalation in agreement trials, and reduced confidence reduction in

disagreement. One of the symptoms of such non-linear dynamics is that irrational in-

creases in confidence were observed during disagreement, contrary to what predicted

by most models of opinion aggregation. The use of confidence sharing however allows

both members to reach better performance than alone, irrespectively of condition.

In the following Chapter, the same paradigm is extended with two aims: (a)

to replicate the results found in the current experiment, and (b) to make sure that

the escalation effects found were not simply due to forgetting one’s initial opinion.
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We therefore included confidence anchors to remind each participant where their own

confidence (Experiment 5) and their partner’s confidence (Experiment 6) initially

started from.



6

Is it memory or interaction?

‘The most interesting information comes from children, for they tell all they

know and then stop.’

– Mark Twain

Chapter Abstract

Two experiments are conducted to extend the same paradigm introduced in Exper-

iment 4. The confidence escalation observed in Experiment 4 could in principle be

due to the fact that in the Interactive condition participants updated their confidence

multiple times because they failed to remember what confidence judgment they had

initially given. Adding a confidence reminder to this condition should rule out this

possibility and provide evidence for a genuine interactive effect. In Experiment 5

a “self reminder” condition (Interactiveself ) is added to the existing conditions, in

which the Interactive condition is enhanced with the presence of a static confidence

anchor reminding participants of their private initial opinion. Experiment 6 tests

the memory hypothesis one step further by comparing the baseline Interactive con-

dition with two reminder conditions: (1) the interactive condition with self-reminder

(Interactiveself ), already described for Experiment 5 and (2) the interactive condition

with other-reminder (Interactiveother), which reminds participants of their partners ’

initial opinions. Results of both experiments suggest no large effect of reminders,

169



170 Is it memory or interaction?

refuting the memory explanation for the interactive effect. Moreover, in both ex-

periments key results from Experiment 4 were robust to the introduction of a new

incentive scheme for giving calibrated confidence judgments, suggesting that the ef-

fects found in Experiment 4 were not dependent on the specific confidence scale used.
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Experiment 5

Introduction

Experiment 4 showed several differences emerging between two experimental condi-

tions that were identical in terms of participants’ access to decision-relevant informa-

tion but that differed in terms of how that information was communicated between

the two decision-makers. When two partners were allowed to interact dynamically

and adjust their confidence changes in light of the other’s updates, differences emerged

primarily in the magnitude of confidence changes and the independence of confidence

updates. The experiment found evidence for positive confidence escalation (Mah-

moodi et al., 2013) when real-time interaction was allowed: In the agreement trials of

the Interaction condition, confidence change magnitudes between two members of a

same dyad were positively correlated, suggesting that the more a member increased

his/her confidence the more their partner increased his/her own. In other words in

the Interactive condition participants were not only using their partner’s stated ini-

tial opinions but also their opinion change. These effects were not observed in the

Non-Interactive condition.

A simulation presented in Chapter 5 (Figure 5.9) modelled interaction as the

recursive integration of current partner’s confidence and initial personal confidence.

Another simple phenomenon however could be at the heart of the interaction ef-

fects found in Experiment 4: Perhaps participants in the interactive condition simply

tended to forget what initial confidence judgment they had provided and were instead

updating the current confidence of their partner with their own current confidence.

Modifying the original simulation accordingly (not shown here) easily shows that this

strategy quickly leads confidence of both participants to escalate towards the max-

imum confidence boundary on the side of the most confident initial opinion. The

longer time taken in the Interactive condition for the confidence update to reach
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a stable state (Figure 5.4) is also compatible with confidence being updated using

partner’s and own current confidence state. Longer times could be a by-product of

participants updating their current confidence - or a distorted representation of their

initial confidence - with the current opinion of their partner, because of the fact that

they are engaged in multiple updating instead of a one-step single update.

To test whether the effect of interaction found in Experiment 4 was due to

failures in remembering one’s own initial confidence, a third experimental condi-

tion was created and compared to the previous two. In this new condition (called

Interactionself ) a static reminder of one’s own pre-social information confidence is

presented on the scale along with the standard personal and partner’s cursors typi-

cally presented during the Interactive condition. If the effects of interaction are only

due to memory failures then the presence of a reminder should make those same ef-

fects disappear. Failure to reduce the interaction effects should be taken as evidence

that differences between interactive and non-interactive conditions are not due to

forgetfulness.

A worry from Experiment 4 was that people often used extreme values when rating

their initial confidence, which was likely due to the post-decision wagering method

to report confidence (Clifford et al., 2008). We thus introduced different instructions

regarding the input of confidence ratings, incentivising confidence calibration over

confidence magnitude. This gave us the opportunity to assess the robustness of key

Experiment 4 effects with a different confidence scale.

Methods

Participants. Twenty-four dyads (14 female dyads, 1 mixed gender dyad) were

tested. Mean age was 23.16±3.42. Participants were recruited online using the Uni-

versity volunteers platform and local advertisement websites. All participants gave

informed consent before starting the experiment. The study was approved by local

ethical committee.
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Paradigm. The experiment comprised of 432 experimental trials divided in 18

blocks and 20 practice trials divided in 4 blocks. Practice blocks were designed to

practice with the first-order task, the non-interactive condition, the interactive con-

dition, the interactive plus reminder condition respectively. The methods were very

similar to those used in Experiment 4, in regard of the dot-count task, trial stages

and input modalities, with the following key differences. First, three conditions were

defined by manipulating the access participants had to their partner’s information:

the two conditions already presented in Experiment 4 and a reminder condition. Con-

ditions were varied within-participants across blocks (i.e. six blocks per condition).

Participants experiences six identical modules, each comprising the three different

conditions into three separate blocks. The order of the three conditions within a

module was randomised across dyads. Second, the social part window was reduced to

4 seconds (21 data points), given that most updates in Experiment 4 occurred within

2 seconds of the social part. Third, it was decided to change the incentive system

used for Experiment 4 and the instructions given to participants to use the confi-

dence scale. This modification was motivated by two main reasons. The first reason

was to make participants’ confidence distributions less extreme and more uniform

across the scale. Although in Experiment 4 all participants showed some evidence

of loss aversion, confidence judgments were skewed toward the high end of the scale,

creating potential issues in detecting small confidence changes in this direction (i.e.,

confidence increases) due to ceiling effects. The second reason was to check whether

the effects found in the previous experiment were robust to changes in the incentive

system and thus in the use of the confidence scale. Failing to reproduce Experiment

4 results when changing the incentive system would be a strong indication that they

were (at least partially) dependent on the specific instructions participants received.

Details about how the new incentive scheme worked and about the instructions given

to participants are described in the paragraph “Incentive scheme”.
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Manipulation. Three conditions were defined that affected only the social part

of the trial. A Non-Interactive and an Interactive conditions were defined as in

Experiment 4, which allowed us to see if those effects replicated. An Interactive plus

self-reminder condition (Interactiveself ) was constructed so that participants were

shown a reminder of their own initial private confidence during interaction. The

reminder was presented as a static gray shaded cursor.

Notice that in all conditions the social part started exactly with the same initial

configuration of objects on the screen and cursors were presented in the same position

as they were left at the end of the private part. Any difference among conditions must

then be attributed to the specific communication channels that each condition entails,

assuming equal initial conditions of the dyad state. Conditions alternated regularly

over blocks (six repetitions each) and their order was shuffled across participants.

Figure 6.1: Experimental paradigm implemented in Experiment 5. Three conditions
are explored and compared within-participants. During the Non-Interactive condition
participants are shown the initial independent opinion of their partner. During the
Interactive condition participants are shown the current opinion of their partner in
real-time. During the Interactive plus self-reminder condition (Interactiveself ) partic-
ipants are shown the current real-time opinion of their partner and are at the same
time reminded of their own original opinion as a shaded cursor on the scale. This
manipulation makes sure that if participants update their initial confidence they are
constantly reminded of where along the scale they started from. In all conditions
participants have four seconds when they are asked to track their confidence state in
real-time. The confidence scale that was actually used had 50 levels per interval.
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Incentive scheme. In the current experiment participants were informed that their

final reward would be inversely proportional to the average absolute deviation of their

accuracy from the calibration line. The calibration line was defined by the line y = x,

i.e. where confidence expressed in percentage points is identical to the probability of a

correct response. Instructions stated: “We will average all trials when you were 60%

confident and see if you were indeed 60% accurate. Then we’ll see if you were 70%

accurate on trials where you said you were 70% confident and so on. The higher the

discrepancy the less you will get.”. Importantly participants were told that during the

social part this measure was computed on a moment-by-moment basis and that the

best strategy to maximise their gains was thus to continuously update their confidence

cursor based on their internal sense of confidence.

For this calculation, at the end of each block the confidence distribution of each

participant was divided into 5 bins and the weighted average absolute distance be-

tween bin accuracy and bin center was taken as a calibration error:

Err =

5∑
b=1

|Accb − Confb| ∗Nb

5∑
b=1

Nb

(6.1)

where Nb is the total number of data points recorded in each bin. Err was

computed for pre-social information and post-social information separately and the

two were averaged together so that an equal weight was given to private and social

parts. Importantly the formulation above computes the calibration error on each data

point collected - i.e. 1 for pre-social information and 21 for post-social information

decisions. This ensures that the error during the social part is a weighted average

among bins based on the time spent in each one.

Results

Continuous update. During the social part of each trial, the x-position of the

cursor along the confidence scale was recorded every 200 ms, giving 21 confidence data
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points over the course of 4 seconds. The absolute difference between a data point and

the previous one can be used as a measure of the stability of the confidence updates

over time, with smaller numbers indicating that participant’s updates have stabilised.

This update stability measure is shown in Figure 6.2 for the three different conditions

separately. It can be seen that in all conditions the larger confidence update occurred

around one second from the start of the social part. Both interactive conditions

showed larger updates on average around this period, followed by longer times to

reach an equilibrium as suggested by the larger right tail.

The right panel of Figure 6.2 shows the difference between the two interactive

conditions (i.e. Interactive and Interactiveself ) and the non-interactive baseline con-

dition. The hypothesis that interaction leads to a sequence of dynamic updates and

thus to longer times to converge was tested using a one-tail t-test. Coloured areas

under the curve represent uncorrected significant differences (α = .05). The differ-

ences did not however survive a cluster-based permutation t-test, indicating that the

different conditions were not statistically different from one another.
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Figure 6.2: Average confidence difference between two consecutive data point
recorded during the social window. The higher the difference the bigger the up-
date. It can be observed that in all conditions the biggest updates are observed
around the first second of the social part. Both interactive conditions show a larger
update around the same time compared to the non-interactive baseline condition and
a longer time to reach an equilibrium. The right panel shows the difference between
each interactive condition and the non-interactive baseline condition. Areas under
the curve represent uncorrected significant differences (p < .05). Error bars represent
s.e.m.

Confidence distributions. Figure 6.3 shows the individual distributions of pre-

social information confidence ratings (1: lowest rating; 50= highest rating). It can

be seen that compared to Experiment 4 confidence distributions are on average less

clustered towards the right, suggesting that the new incentive scheme was successful

in making participants’ use of the scale more uniform. It can also be seen that for

some participants confidence clustered around the confidence landmarks provided.

Although not ideal, this behaviour is unlikely to be a confound for subsequent anal-

yses.

In Experiment 4, a marginal difference was found between the two conditions’

average pre-social information confidence. We thus tested whether this difference
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could also be found in Experiment 5. The three conditions did not differ in terms of

the average pre-social information confidence of the participants (F < 1), suggesting

that the difference observed in Experiment 4 was probably due to random noise.

Figure 6.3: Confidence distributions of the 48 participants tested. Each row plots the
participants of three different dyads. From top-left to bottom-right, plots one and
two corresponds to the first dyad’s participants, plots three and four to dyad two etc.

Confidence changes. Experiment 4 showed that interaction significantly increased

confidence increases in agreement and decreased confidence decreases in disagreement.

A measure of social information influence was defined as in Experiment 4 as the con-

fidence change from pre- to post-social information: δC = Cpost − Cpre. Positive

values represent confidence increases relatively to pre-social information confidence

and negative numbers represent confidence decreases. A two-way repeated measures

ANOVA on δC with factors consensus (agreement vs disagreement trials) and con-

dition was run to replicate the results found in Experiment 4. It showed a signifi-

cant effect of both consensus (F (1, 47) = 158.03, p < .001, η2
G = .68) and condition

(F (2, 94) = 14.05, p < .001, η2
G = .009). The main effect of consensus, shown in Fig-

ure 6.4, unsurprisingly shows that participants tended to increase their confidence in
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agreement and decrease it in disagreement. Importantly, however, confidence changes

observed in the three conditions were significantly different when averaged across con-

sensus: both interactive conditions showed more positive confidence changes than the

non-interactive baseline condition (t(47) > 4.10, p < .001, d > 0.35), explaining the

significant main effect of condition. Moreover a significant interaction between the

two factors (F (2, 94) = 5.19, p = .007, η2
G = .002) was found.

In agreement trials, confidence increased more in both Interaction conditions com-

pared with the baseline Non-Interactive condition (t(47) > 4.10, p < .001, d > 0.20),

replicating the results of Experiment 4. The two interaction conditions themselves dif-

fered (t(47) = −2.16, p = .03, d = 0.08). In disagreement, contrary to Experiment 4,

confidence decreases were numerically but not significantly smaller between the Non-

Interactive and Interactive conditions (t(47) = 1.07, p > .2, d = 0.09). Similarly they

were non-significantly smaller in the Interactiveself compared to Interactive condition

(t(47) = 1.58, p = .11, d = 0.10). Confidence decreases differed however between the

Non-Interactive and Interactiveself conditions (t(47) = 2.47, p = .01, d = 0.19).

Figure 6.4: Confidence change from pre- to post-social information across conditions,
separately for trials in which the dyad members disagreed vs. agreed. Positive num-
bers represent increases in confidence after social information exchange while negative
numbers represent decreases.
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Asymmetry in confidence increases. Figure 6.5 plots confidence change distri-

butions for each condition, divided by consensus and averaged across participants. It

can be clearly seen that no clear difference emerged among conditions and that all

distributions peak at zero, suggesting that most frequent confidence update was to

not update.

Right-tails in disagreement and left-tails in agreement represent irrational confi-

dence changes. A two-way repeated measures ANOVA on the probability of an irra-

tional change (corrected for total number of agreement and disagreement trials and

trembling hand issues) showed a significant effect of consensus (F (1, 47) = 16.98, p <

.001, η2
G = .12) but not of condition (F < 1) and no significant interaction between

the two (F (2, 94) = 1.25, p = .28, η2
G = .002), suggesting that irrational increases

were more frequent than irrational decreases (M±STD: irrational increases = 0.0166

± 0.022 vs. irrational decreases = 0.0031 ± 0.004), but no consistent differences were

found among conditions.

The results partly replicate what found in Experiment 4, suggesting that irrational

changes are more frequent after disagreement than after agreement. Experiment 5

does not however replicate the finding that irrational increases were more frequent

in the Interactive than the Non-Interactive condition, suggesting that perhaps this

result was an effect of a different use of the confidence scale.
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Figure 6.5: Confidence change distributions observed in the most confident partic-
ipants divided by condition and consensus. Plots represent estimated probability
density functions using a normal kernel method (bandwidth = 0.50). Error bars
represent s.e.m.

Influence in opinion space. Visualising confidence changes along the opinion

space can better represents participants’ behaviour during the update window. Me-

dian confidence changes δC were plotted in opinion space to understand which subsets

of trials (i.e. which initial conditions) showed larger confidence changes and which

ones showed the strongest difference between experimental conditions. Confidence

changes were plotted separately for dominant and dominated trials. Figure 6.6 shows

the opinions surfaces so obtained, together with the contrast plots obtained by sub-

tracting the Non-Interactive baseline from the Interactive and the Interactiveself con-

ditions (panels D-E and I-L). The contrast plots help us understand for which subsets

of trials two conditions differed the most.
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Two major areas of interest were identified in Experiment 4, one corresponding

to weak agreement (participants are both unsure but happen to agree) and the other

corresponding to unbalanced disagreement (one participant is very confident while the

other weakly disagrees). In Experiment 5, similar areas of interest emerged. In both

dominant and dominated trials, participants in interactive conditions showed larger

confidence increases compared to a Non-Interactive baseline after weak agreement

(warmer colours in correspondence of x-points of plots D,E,I,L). The magnitude of

the increase in these areas, indicates that in interaction participants converged on

high confidence agreement. A real-time animation of the density distribution of dyad

states during the 4-second update window, as well as an animation of the contrast

between conditions, can be found at https://niccolopescetelli.com/confidence

-change-in-opinion-space/. The animated contrast plot shows that, although in

the two conditions dyad states were similarly distributed along the opinion surface

at the beginning of the update, more trials in the interactive conditions than in the

Non-Interactive one gravitated towards point (50,50).

Imbalanced disagreement trials (labelled on the contrast plots by y) also seem to

differ between interactive and non-interactive conditions, although the lower number

of disagreement trials makes contrast plots in these regions more noisy. Again, points

y warmer colours on plots D-E and points y colder colours on plots I-L, suggest that in

dominant and dominated trials respectively, participants decreased their confidence

less in interaction than in a Non-Interactive condition. Experiment 5 also showed

that a third area of interest, labelled z on contrast plots, was balanced disagreement,

a situation where the two participants disagree with equal high confidence. However,

the fact that disagreement was less frequent than agreement combined with the less

extreme use of the scale (Figure 6.3), makes data in this region sparse and potentially

difficult to interpret.

https://niccolopescetelli.com/confidence-change-in-opinion-space/
https://niccolopescetelli.com/confidence-change-in-opinion-space/
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Figure 6.6: Median confidence change in opinion space divided by condition and
dominance (first three columns). Warmer colours represent confidence changes in the
direction of the dominant opinion, while colder colours represent confidence changes
further away from it. The figure also shows contrast plots between the interactive
conditions (Interactive and Interactiveself ) and the Non-Interactive condition in the
two rightmost columns.

The analyses above are primarily qualitative and the scatteredness of the data

did not, unfortunately, allow more quantitative comparisons. They are however im-

portant for a number of reasons. First, they allow us to visualise confidence change

in a multivariate way, without the need to average over trials that are not formally

identical. Second, they allow us to understand which subsets of trials are similar

across conditions and which ones are not, making it easier to determine what effects

the manipulation has on behaviour. Third, they can inform subsequent analyses by

restricting the trials of interest to trials that are likely to generate the effects observed.

Coupling of confidence changes in interaction. Experiment 4 showed that in-

teraction produced positive correlation in dyad members confidence changes under
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agreement and negative under disagreement. We thus tested whether the results

replicated here. Figure 6.7 shows the average Pearson’s r coefficient, divided by

condition and consensus. Coefficients were entered into an ANOVA across dyads

with factors condition and consensus. Results show that both condition (F (2, 44) =

16.35, p < .001, η2
G = .12) and consensus (F (1, 22) = 13.16, p = .001, η2

G = .09) had

a significant effect on the correlation observed. The interaction between the two

terms was also significant (F (2, 44) = 27.01, p < .001, η2
G = .09). No correlation was

found in any of the three conditions in disagreement (t(23) < .8, p > .4). On the con-

trary in agreement both interactive conditions showed positive correlation coefficients

(t(23) > 4.5, p < .001) while coefficients in the Non-Interactive condition were not

significantly different from zero (p > .1). The results partly replicate results observed

in Experiment 4. Similarly to Experiment 4, Experiment 5 indicated that confidence

changes of members of the same dyad remained independent from each other in the

Non-Interactive condition and interaction introduced positive correlations between

confidence changes in agreement trials, with no difference found between interactive

conditions (p > .2). The negative correlation found in disagreement trials in Ex-

periment 4 between same dyad members was however not replicated in Experiment

5.
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Figure 6.7: Coupling between absolute confidence updates of the two participants
across different conditions and divided by consensus. It can be seen that in dis-
agreement updates of one dyad member are not correlated with updates of the other
member. In agreement on the contrary a positive correlation emerges as soon as
participants are allowed to interact in real-time.

Experiment 4 showed, using a mixed-effects linear regression, that the coupling

of confidence changes observed in the interactive conditions were likely explained by

participants making use of partner’s update magnitude to update their own confi-

dence. The same mixed-effects model was applied to Experiment 5 data and largely

replicated the main effects found there. The interaction terms between both in-

teractive conditions and consensus were significantly above zero (Interaction: β =

0.17, SE = 0.03, p < .001; Interactionself : β = 0.20, SE = 0.03, p < .001), indicat-

ing that during interaction agreement led to greater confidence updates compared to

a Non-Interactive reference. Importantly, both terms were positively modulated by

partner’s absolute confidence change (Interaction: β = 0.37, SE = 0.03, p < .001;

Interactionself : β = 0.26, SE = 0.03, p < .001), replicating the finding that in inter-

action participants tended to make use of their partner’s confidence changes to inform

their own confidence updates.
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Performance analysis. Experiment 4 had found a significant benefit of social

exchange, but no significant differences between conditions according to different

measures of performance, including choice accuracy, graded accuracy and confidence

calibration. In Experiment 5, a two-way ANOVA on choice accuracy with factors con-

dition and decision time (pre-social information vs. post-social information), showed

a significant effect of decision time (F (1, 47) = 101.66, p < .001, η2
G = .17), replicat-

ing the finding that choice accuracy significantly improved from pre- to post-social

information phase (M: 0.71 vs. 0.74), but no significant difference of condition and no

significant interaction (F < 1). These results contradict a Noise Cancelling hypothe-

sis, which predicts that any increased dependence among judgments should hamper

collective performance (Lorenz et al., 2011).

Similarly to Experiment 4, a graded measure of accuracy, i.e., confidence change

towards the correct answer (Bonaccio & Dalal, 2006), was also considered to con-

trol for sub-threshold changes of mind. The same two-way ANOVA implemented for

choice accuracy showed a significant effect of decision time (F (1, 47) = 122.53, p <

.001, η2
G = .29) and condition (F (2, 94) = 3.26, p = .04, η2

G = .01), indicating greater

confidence in the correct answer in the post-social information phase (M: 10.81 vs.

15.85) and larger values in both interactive conditions compared to Non-Interactive

condition (means: Interactive = 12.71, Interactiveself = 13.57, Interactiveother =

13.72, t(47) > 1.98, p < .06, d > 0.24), confirming that interaction did not nega-

tively affect graded accuracy. No significant difference was found between interactive

conditions (t < 1), suggesting that the presence of a confidence reminder did not

affect the effect of interaction. Finally the ANOVA also showed a significant inter-

action between decision time and condition (F (2, 94) = 11.88, p < .001, η2
G = .003),

indicating larger improvements for interactive conditions over Non-Interactive one

(t(47) > 4.01, p < .001, d > .26).

Confidence calibration (measured as type II AROC) was one last measure of per-

formance considered (Fleming et al., 2014). A two-way ANOVA showed an effect
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of decision time (F (1.47) = 94.08, p < .001, η2
G = .26), indicating that calibration

significantly improved after exchanging social information (0.56 vs. 0.62), but no

effect of condition (F < 1), indicating that neither interaction or the presence of an

anchor negatively affected calibration. A significant interaction term was also found

(F (2, 94) = 3.53, p = .03, η2
G = .02), indicating differences in improvement across con-

ditions. Pairwise comparisons showed that calibration improved significantly more in

the Interactive compared to Non-Interactive condition (t(47) = 2.53, p = .01, d =

0.38). No significant difference in calibration improvement was found between inter-

active conditions nor between Interactiveself and Non-Interactive condition (p > .1).

Overall, decision performance improved after social exchange and increased de-

pendency between judgments through interaction did not hamper improvement, but

instead, if anything, fostered it. The following section will explore deviations of par-

ticipants’ behaviour from a Bayesian normative framework.

Humans show overconfidence compared to Bayes. Confidence changes ob-

served in empirical data were compared to changes predicted by a normative Bayesian

opinion integration strategy with equal weights for self and other’s opinion. Similarly

to what found in Experiment 4, residuals between observed and predicted confi-

dence changes (Figure 6.8) deviated from Bayes norm in disagreement more than

agreement trials. A two-way ANOVA with factors consensus and condition showed

a significant effect of consensus (F (1, 47) = 74.08, p < .001, η2
G = .54) and condi-

tion (F (2, 94) = 9.50, p < .001, η2
G = .004) and a significant interaction between

the two factors (F (2, 94) = 3.69, p = .02, η2
G = .001). Both interactive conditions

led to more positive deviations (suggesting greater post-social information confi-

dence than predicted by the normative framework) than Non-Interactive condition

(t(47) > 3.4, p < .01, d = 0.30). No difference was found between the two interac-

tive conditions (p > .8). The interaction term indicates that the difference between

agreement and disagreement residuals was larger for the Non-Interactive condition



188 Is it memory or interaction?

compared to the Interactive condition (t(47) = 2.64, p = .01, d = 0.11) but not to

the Interactiveself condition (p > .3). Only a marginal difference was found between

interactive conditions (t(47) = 1.75, p = .08, d = 0.07), suggesting that the addition

of a confidence reminder little affected the Interactive condition.

Figure 6.8: The figure shows how confidence changes observed in the data relate
with the confidence changes expected by applying a normative Bayesian update rule.
Participants showed a conservative bias thus decreased their confidence too little in
disagreement and increased it too little in agreement trials.

Social information perception analysis. Experiment 4 showed that by apply-

ing inverse Bayes, we can compare the participants’ perceived social support for their

initial judgments with the objective supporting evidence provided by their partners,

thus highlighting biases and distortions. Social information perception analysis was

performed here to replicate the finding that an originally homogeneous distribution of

objective supporting evidence is transformed into a tri-modal distribution of perceived

evidence, with peaks on 0 (certain disagreeing evidence), 0.50 (neutral evidence) and

1 (certain supporting evidence). Figure 6.9 shows objective (“stated”) and perceived

distributions of social evidence for one’s own opinion, divided according to trial dom-
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inance. Pre-social information confidence greater than 40 were removed to avoid

inconsistencies in the Bayes formula, due to high confidence trials.

Figure 6.9: How much a partner’s opinion is perceived to support one’s own in-
dependent judgment, compared to objectively stated partner’s supporting evidence.
Differences between the two indicate cognitive distortions of social information.

Experiment 5 confirmed the presence of a cognitive distortion, whereby the ob-

jective evidence distribution is transformed into a distribution with peaks around

0.50 and 1. The peak around 0 (certain disagreeing evidence) was not observed in

Experiment 5, probably due to the use of less extreme confidence judgments (Fig-

ure 6.3). Irrespective of dominance, the perceived evidence distributions seem to



190 Is it memory or interaction?

follow a bimodal trend centred on 0.5 and 1, suggesting that participants tended to

either ignore or completely follow received social information. To formally test for

this intuition, a linear model with a linear and quadratic terms was fitted to agree-

ment trials (x-axis greater than 0.50), as disagreement trials were less numerous:

frequency = β0+β1evidence+β2evidence
2 (Table 6.1). When looking at the objective

evidence received (Figure 6.9, red bars) the quadratic term was not significantly differ-

ent from zero for dominant members (Dominant: β2 = 1.04, SE = 0.89, p = .32) and

negative for the dominated member (Dominated:β2 = −4.14, SE = 0.38, p = .001).

When looking at the perceived evidence, on the contrary, quadratic terms were signif-

icantly above zero for both dominant (β2 = 5.22, SE = 1.13, p = .01) and dominated

individuals (β2 = 5.16, SE = 0.50, p = .001). The results suggest that, in both

participants, the frequency of objective social information over evidence bins did not

peak on 0.50 and 1, while the frequency of perceived evidence did, confirming the

hypothesis that social information tended to be perceived as either neutral or fully

supporting one’s own views.
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Dominant Stated

Estimate SE tStat p

β0 65.78 9.74 6.75 .006
β1 -17.72 6.37 -2.78 .06
β2 1.04 0.89 1.17 .32

Dominant Perceived

Estimate SE tStat p

β0 109.71 12.38 8.85 .003
β1 -47.50 8.10 -5.86 .009
β2 5.22 1.13 4.61 .01

Dominated Stated

Estimate SE tStat p

β0 -21.99 4.19 -5.24 .01
β1 29.95 2.74 10.90 .001
β2 -4.14 0.38 -10.79 .001

Dominated Perceived

Estimate SE tStat p

β0 113.94 5.49 20.74 .0002
β1 -47.20 3.59 -13.13 .0009
β2 5.16 0.50 10.27 .001

Table 6.1: Linear models with linear and quadratic terms for evidence bin. The model
indicates cognitive distortions translating objective social information into perceived
social information.

Egocentric and confirmation biases. Experiment 4 had shown that participants

did not follow a pure Bayesian observer with equal weights for self and other’s opinion.

Often they seemed to ignore social information when it was most useful, namely in

situations of low pre-social information confidence. Finally, there was evidence for

different confidence update behaviour in agreement and disagreement trials.

Discounting parameters were fitted to the behavioural data of Experiment 5 to

account for other’s discounting (i.e., ego-centric bias (Yaniv, 2004b)). Discounting

parameters were fitted separately for agreement (α) and disagreement (β) trials to

account for asymmetric discounting in the two (i.e., confirmation bias (Nickerson,
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1998)). A three-way ANOVA with factors dominance, condition and discounting

parameter (discounting in agreement α vs. discounting in disagreement β) showed

a significant effect for dominance (F (1, 47) = 15.10, p < .001, η2
G = .02), condition

(F (2, 94) = 4.32, p = .01, η2
G = 0.001) and parameter type (F (1, 47) = 41.02, p <

.001, η2
G = .17), suggesting greater weights on partner’s opinions in dominant com-

pared to dominated trials (means: 0.67 vs. 0.49) and in agreement compared to

disagreement trials (means: 0.81 vs. 0.35). The latter replicates the confirmation

bias found in Experiment 4. Pairwise comparisons were performed to understand dif-

ferences across conditions. Interactive condition showed less discounting overall com-

pared to the Non-Interactive condition (0.60 vs. 0.56, t(47) = 2.98, p = .004, d = 0.12)

and the Interactiveself condition (0.60 vs 0.58, t(47) = 2.08, p = .04, d = 0.07). No

significant difference was found between these two conditions (p > .3). Significant in-

teractions were found between dominance and parameter-type (F (1, 47) = 9.99, p =

.002, η2
G = .01) and between condition and parameter-type (F (2, 94) = 12.96, p <

.001, η2
G = .007), but not between dominance and condition (F < 1). A marginal

three-way interaction was also found (F (2, 94) = 2.82, p = .06, η2
G = .001).

Figure 6.10: Fitted α and β representing the discounting factor for agreement and
disagreement trials respectively.
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Experiment Discussion

Experiment 5 was run with two main aims in mind: (1) reproduce results from

Experiment 4 when using different incentive schemes; (2) test whether those same

effects were produced by failure in remembering one’s own initial judgment.

The results described above replicate the key findings of Experiment 4 and repro-

duce the overall pattern of differences between interactive and non-interactive condi-

tions. In particular, interaction seems to significantly increment confidence increases

observed from pre- to post-social information phase after agreement, regardless of the

presence of a confidence reminder. Similarly to what observed in Experiment 4, the

decrease in confidence observed after a disagreeing opinion is reduced in Experiment 5

in both interactive conditions, although not significantly in the Interactive condition.

Differences in confidence change among conditions were once again driven by weak

agreement trials and unbalanced disagreement trials. The findings also replicated the

positive correlation emerging during real-time interaction between dyad members’

confidence changes. Contrarily to Experiment 4 however, no negative correlation

was found in disagreement trials, suggesting that during these trials dyad members’

updates remained independent from each other irrespective of condition.

Accuracy improvements from pre- to post-social information were all positive and

significantly different from zero. Conditions did not differ from each other suggesting

that, notwithstanding the reduced independence of participants’ judgments, perfor-

mance improvements were robust. Interaction favoured greater improvements com-

pared to the non-interactive baseline both in terms of graded accuracy (i.e., confidence

change toward the correct choice) and confidence calibration.

The normative framework described for Experiment 4 was also applied here to

show that people adopt qualitatively different strategies in agreement and disagree-

ment, with greater weights put on partner’s opinions in agreement trials. Confirming

results found in Experiment 4, Experiment 5 provided further evidence that social
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information perception differs from the objective social information received. In par-

ticular, participants tend to categorise received social information into strong evidence

in favour of their initial opinion or null evidence.

Overall the experiment showed that most of the effects observed after the inter-

action manipulation are robust to changes in the use of the confidence scale, with few

differences found in disagreement trials. Importantly, the introduction of a confidence

reminder little affected the Interactive condition, suggesting that differences between

interactive and non-interactive conditions were not simply due to memory failures

of one’s own initial confidence. The experiment thus offered a proof that interactive

and non-interactive paradigms differ not only in terms of low-level characteristics but

instead differences are intrinsic to the dynamics of how information is shared and

manipulated across individuals.

Experiment 6 was carried out to test whether differences between interactive and

non-interactive conditions were instead due to memory failures of one’s partner ’s

initial confidence.

Experiment 6

Introduction

Experiment 4 showed differences in behaviour emerging from the manipulation of

how social partners can exchange their independent pieces of information. The inde-

pendence of confidence updates was affected by the presence of real-time interaction,

suggesting that participants updated their confidence not only using the initial con-

fidence of their partner but also their partner’s updates. This strategy can generate

phenomena of confidence escalation due to non-linearity of the interaction (Mahmoodi

et al., 2013), whereby increases in confidence lead to further increases in confidence

in a positive feedback cycle. Experiment 5 ruled out a simple explanation in terms of
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participants forgetting their own initial confidence. The memory failure hypothesis

was not sufficient to explain the effects found during interaction. However another

explanation for confidence escalation is that participants forgot their partner’s initial

confidence and were thus incentivised to use, when available, their partner’s current

position as a proxy for it.

To test whether this explanation could explain the effects found in the Interac-

tive condition a new condition was set out and compared with the Interaction and

the Interactionself conditions. In this condition, called Interactionother, the Interac-

tive condition is enhanced by the presence of a static reminder about one’s partner’s

initial confidence that remains on screen for the whole duration of the social exchange.

If the memory explanation is correct we expect the effects of interaction to diminish

when a reminder is presented. Failure in finding such results can be taken as evidence

that the effects of interaction are not due to failures in memory.

Methods

Participants. 24 dyads (17 female dyads, 1 mixed gender) were recruited using

University volunteers recruitment platform and local advertisement websites. Dyads

were recruited by asking an interested volunteer to bring along a friend of the same

gender. Participants (age=20.66±2.76) signed a consent form prior the beginning

of the experiment. The study received ethical approval from the University ethical

committee.

Paradigm. Participants performed 18 blocks of 24 trials each. Perceptual task,

trial sequence and response modality were kept equal to previous experiments. The

social window was kept to 4 seconds as in Experiment 5. Given that Experiment

5 was successful in making participants less extreme in their confidence ratings, in

Experiment 6 it was decided to implement the same incentive scheme. The experiment
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started with 4 practice blocks of 5 trials each, corresponding to practice with the

perceptual task and with each condition separately. Performance was titrated to

70.7% accuracy using a 2-down 1-up procedure.

Manipulation. Three experimental conditions were implemented and alternated

across blocks in six identical modules of three blocks each. The order of the three

conditions within a module was randomly shuffled across dyads but remained identical

within the same dyad. The first two conditions were the Interaction and Interactionself

conditions, already described in Experiments 5. A third new condition, named

Interactionother, was implemented by adding to the Interactive condition a static cur-

sor reminding the participant of their partner’s initial confidence level. A colour code

was used so to avoid confusion on what each cursor meant. Participant-related cursors

were represented in white (active cursor) and grey (static reminder). Partner-related

cursors were represented in bright colour (active cursor) and dark colour (static re-

minder).
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Figure 6.11: Experimental paradigm implemented in Experiment 6. During the In-
teractive condition participants are shown the current opinion of their partner in real-
time. During the Interactiveself participants are shown the current real-time opinion
of their partner and are at the same time reminded of their own original opinion
as a shaded cursor on the scale. During the Interactiveother participants are shown
the current real-time opinion of their partner and are at the same time reminded of
their partner’s original opinion as a shaded cursor on the scale. This manipulation
makes sure that after a change in the configuration of the elements present on screen
participants are reminded of where along the scale they started from or where their
partner started from. In all conditions participants have four seconds when they are
asked to update their own original confidence level using post-decisional information.

Results.

Continuous update. Similarly to Experiment 4 and 5, Figure 6.12 shows that

a sharp confidence update occurred in all conditions around the first second of the

social window and settled into an equilibrium by the end of it. Differences between

anchor conditions and interactive baseline were tested for significance using both a

point-wise two-tail t-test and a cluster-based permutation t-test to control for mul-

tiple comparisons problem (Figure 6.12, right panel). Results indicate no significant

differences between conditions, indicating that the time used by dyads to reach their

final decision was not affected by the presence of a confidence reminder.
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Figure 6.12: Difference in recorded confidence between two subsequent data points
during the social window. The measure can be used to plot how quickly participants’
updates converged to a final confidence level. Right panels: within-participants point-
wise difference between anchor conditions and interactive baseline.

Confidence distributions. Figure 6.13 shows the pre-social information confi-

dence distributions recorded from each participant. It can be seen that confidence

distributions resembled more closely the distributions observed in Experiment 5 than

in Experiment 4, as suggested by the absence of extreme high confidence values.

Some participants show clusters in correspondence of scale landmarks. Experiment

4 showed marginal differences existing between conditions in pre-social information

mean confidence. The result was not replicated in Experiment 5. Experiment 6

showed no significant difference among conditions in the mean pre-social information

confidence (F < 1), suggesting that, on average, all interactive conditions started

from similar levels along the scale.
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Figure 6.13: Pre-social information confidence distributions in Experiment 6. It can
be seen that confidence distributions are more similar to distribution observed in
Experiment 5 than Experiment 4, as indicated by the absence of extreme values (i.e.,
around 50). Each row represents confidence distributions of members of three dyads.
First row: Dyad 1=first two columns; Dyad 2 = central two columns; Dyad 3 = last
two columns; etc.

Confidence changes. Figure 6.14 shows the average signed confidence change ob-

served after agreement or disagreement and divided by condition. A two-way re-

peated measures ANOVA on confidence change showed a significant effect of consen-

sus (F (1.47) = 246.77, p < .001, η2
G = .75) and only a marginal effect of condition

(F (2, 94) = 2.43, p = .09, η2
G = .001), suggesting that the introduction of pre-social

information confidence reminders did not strongly affect the Interactive condition.

Pairwise comparisons showed only a significant enhanced disagreement effect for the

Interactiveother condition compared to the Interactive baseline (t(47) = 3.28, p =

.001, d = 0.17).
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Figure 6.14: Average confidence change observed from pre- to post-social information
and divided by consensus and condition. Increases in initial confidence are indicated
by positive values while decreases of confidence are shown as negative values.

Asymmetry in confidence increases. The confidence change distributions of

Experiment 6 are shown in Figure 6.15 as root density plots. As in previous ex-

periments the most common confidence change was zero, suggesting that very often

participants decided not to act upon social information. To test for asymmetries in

irrational confidence changes, a two-way repeated measures ANOVA on the proba-

bility of an irrational confidence change was run. Results showed only a marginal

effect of consensus (F (1, 47) = 3.08, p = .08, η2
G = .02) and no effect of condition

(F (2, 94) = 1.03, p = .35, η2
G = .001) nor significant interaction (F < 1). Experiment

6 replicates the finding found in the previous two experiments that irrational changes

were more frequent in disagreement than in agreement trials (M±STD: irrational in-

creases = 0.0124±0.018; irrational decreases = 0.0072±0.008). Similarly to previous

experiments no difference was found among conditions, suggesting that the presence

of a confidence anchor did not affect the presence of irrational confidence changes in

the baseline Interaction condition.
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Figure 6.15: Root density distributions of confidence changes divided by condition and
consensus. Density plots are obtained from Gaussian kernel function with bandwidth
= 0.50.

Influence in opinion space. I then looked at confidence changes along the opinion

surface. Figure 6.16 shows that the pattern of results is very similar to what obtained

from the previous two experiments. Contrast plots (panels D,E,I,L) between anchor

conditions and baseline interaction showed no difference in weak agreement areas

(points x), indicating that the presence of confidence anchors did not alter median

confidence change in these trials. Unbalanced disagreement (points y) showed no dif-

ference among conditions for dominant trials (plots D,E) but positive differences for

dominated trials (plots I,L). The latter finding suggests that in these trials, dominated

members seemed to be more swayed by dominant opinions in both anchor conditions

compared to baseline Interaction, but dominant ones were not. Points z on dominant

trials (panels D-E) seem to suggest that, compared to the Interactive condition, par-

ticipants tended to decrease their confidence more in Interactionself (panel D) but

not in Interactionother (panel E). Points z on dominated trials (panels I-L) suggest

that, compared to the Interactive condition, participants tended to decrease their
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confidence more in both Interactionself (panel I) and Interactionother (panel L), sug-

gesting that being reminded of holding the dominated view made participants more

inclined to decrease their confidence. A note of caution should however be raised

in interpreting these findings due to the sparseness of data, particularly for extreme

disagreement cases (points z).

Figure 6.16: Median confidence change in opinion space for dominant and dominated
trials and divided by condition (plots A-C and F-H). Plots D-E and I-L are contrast
plots showing the difference between each reminder condition and baseline interaction.

Coupling of confidence changes in interaction. Pearson’s correlation coeffi-

cients between confidence change magnitudes were compared across conditions and

divided by agreement to test whether changes in one participant were correlated

with changes in the other (Figure 6.17). Results of a repeated measure ANOVA

on Pearson’s coefficients showed that a significant effect of consensus was found

(F (1, 23) = 39.74, p < .001, η2
G = .24) but not of condition (F < 1) and no significant

interaction between the two (F < 1). Contrary to Experiment 5 but similarly to
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Experiment 4, in all conditions confidence change magnitudes in disagreement trials

were marginally or significantly below zero (Interaction: t(23) = −1.96, p = .06, d =

−0.40; Interactionself : t(23) = −1.87, p = .07, d = −0.38; Interactionother : t(23) =

−3.18, p = .004, d = −0.64), indicating that interaction produced an inverse coupling

also in disagreement, with little effect of reminders. Similarly, in agreement trials dyad

members’ confidence changes were positively correlated as indicated by the signifi-

cantly positive correlation coefficients (Interaction: t(23) = 3.40, p = .002, d = 0.69;

Interactionself : t(23) = 3.00, p = .006, d = 0.61; Interactionother : t(23) = 2.97, p =

.006, d = 0.60). In conclusion, irrespective of reminder presence, interaction coupled

together partners’ confidence changes: greater confidence changes in one dyad mem-

ber produced greater partner’s confidence changes in agreement but lower partner’s

confidence changes in disagreement.

Figure 6.17: Coupling (as measured by Pearson’s correlation coefficient r) between
absolute confidence changes of members of the same dyad. Error bars represent s.e.m.

The mixed-effects linear regression described in Experiments 4 and 5, was run

here to check whether the mediating role of partner’s confidence change on subjective
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confidence changes differed across conditions. Consensus positively interacted with

partner’s absolute confidence change (β = 0.4318, SE = 0.0244, p < .001), suggesting

that the larger their partner’s changes were the more participants tended to shift their

confidence in agreement and less they tended to shift in disagreement. Importantly

the effect was not modulated by either of the anchor conditions (Interactiveself : β =

0.0230, SE = 0338, p = .49; Interactiveother : β = −0.0113, SE = 0.0339, p < .7)

suggesting that the introduction of confidence reminder did not affect the baseline

Interactive condition in the extent to which partner’s updates affected subjective

updates.

Performance analysis. Both Experiments 4 and 5 showed that performance im-

proved after social exchange and that interaction did not negatively affect the size of

the improvement. Results were replicated in Experiment 6. A two-way ANOVA on

accuracy with factors condition and decision time (pre-social information vs. post-

social information) showed a significant effect of decision time (F (1, 47) = 103.96, p <

.001, η2
G = .19), indicating accuracy improvement due to social information exchange

(M: 0.71 vs. 0.74). Importantly no effect of condition nor interaction were found

(both F < 1), confirming that different conditions did not affect average accuracy or

average accuracy improvement.

A two-way ANOVA on graded accuracy (defined as the confidence in the correct

answer) with factors condition and decision time showed a significant effect of decision

time (F (1, 47) = 165.89, p < .001, η2
G = .23) indicating an improvement due to social

information, but no main effect of condition or interaction (F (1, 47) < 1.35, p >

.2, η2
G = 3e− 4), suggesting that confidence reminders did not affect graded accuracy.

To test for confidence calibration improvements, a two-way ANOVA with fac-

tors condition and decision time on type II AROC showed a significant effect of de-

cision time (F (1, 47) = 112.49, p < .001, η2
G = .23), indicating that calibration im-

proved thanks to social information exchange (M=0.57 vs. 0.62), but not of condition
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(F < 1). A marginally significant interaction between the two terms was also found

(F (2, 94) = 2.95, p = .05, η2
G = .007). Pairwise comparisons showed that both the

Interactiveself (t(47) = 2.23, p = .03) and the Interactiveother (t(47) = 1.96, p = .05)

conditions produced significant greater calibration improvement over the Interactive

baseline. The results suggest that, although not having any effect on accuracy, the

presence of a confidence reminder (either own or partner’s) helped participants to

have a more accurate metacognitive evaluation, likely because of an increased access

to independent estimates.

Humans show overconfidence compared to the Bayes. Compared to a sim-

ple Bayesian observer with equal weights of members’ opinions, participants showed

a similar pattern of results as the one observed in previous studies. Participants

tended to be more confident than Bayes in disagreement and slightly less confi-

dent in agreement trials (6.18). A two-way ANOVA with factors consensus and

condition was run on the residuals of human performance from normative predic-

tions, with positive values indicating over-confidence compared to Bayes and nega-

tive values indicating under-confidence. Results show a significant effect of consensus

(F (1, 47) = 85.64, p < .001, η2
G = .53) but no significant effect of condition (F < 1).

No significant interaction between the two terms was found (F < 1). Results thus

confirmed that the addition of a confidence reminder did not affect the overall pattern

observed in the Interactive condition.
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Figure 6.18: Residuals between human participants and a simple Bayesian model
aggregating the two opinions using equal weights. Residuals represent over- or under-
confidence compared to model’s predictions.

Social information perception analysis. Objective evidence was compared to

perceived evidence as described in Experiment 4. Figure 6.19 shows the two distribu-

tions divided by the dominance of the participant’s view. As in previous experiments

the graph shows a dissociation between the two distribution with the perceived dis-

tribution having higher peaks in correspondence of points 0.50 and 1, corresponding

to neutral social information and strongly supporting social information respectively.

Trials above confidence rating 40 were removed to avoid inconsistencies due to the

use of prior probabilities equal to one.
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Figure 6.19: The figure compares the distribution of the supporting evidence provided
by the partner’s social information (objective evidence) with the evidence estimated
to be perceived by the participant. The graphs show a dissociation between the two.

To statistically test for the presence of peaks on 0.50 and 1, a linear model that

contained a linear and a quadratic term for evidence (x-axis) was fitted to the average

frequency in each bin (y-axis): frequency = β0 + β1evidence+ β2evidence
2. Results

are shown in Table 6.2. It can be seen that the quadratic term is positive and sig-

nificant only for perceived evidence data (Dominant: β2 = 3.70, SE = 0.45, p = .003;

Dominated: β2 = 3.41, SE = 0.21, p = .0005) suggesting that perceiving medium

supporting evidence (e.g. bins 0.70-0.90) was less frequent that perceiving neutral

evidence (bin 0.50) and confident supporting evidence (bins 0.90-1). Nevertheless,

objective received evidence from partner’s social information did not follow the same
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positive quadratic distribution, suggesting that participants transformed social infor-

mation before incorporating it into a confidence update.

Dominant Stated

Estimate SE tStat p

β0 59.20 7.90 7.49 .004
β1 -14.80 5.17 -2.86 .064
β2 0.74 0.72 1.03 .37

Dominant Perceived

Estimate SE tStat p

β0 87.33 5.02 17.38 .0004
β1 -35.49 3.28 -10.79 .001
β2 3.70 0.45 8.06 .003

Dominated Stated

Estimate SE tStat p

β0 -21.63 6.18 -3.50 .03
β1 27.91 4.04 6.90 .006
β2 -3.67 0.56 -6.50 .007

Dominated Perceived

Estimate SE tStat p

β0 90.07 2.35 38.24 .00003
β1 -33.36 1.54 -21.65 .0002
β2 3.41 0.21 15.83 .0005

Table 6.2: Linear models with quadratic terms on evidence bin. Bin frequency rep-
resent the dependent variable considered.

Egocentric and confirmation biases. A bilinear model was fitted on perceived

social information evidence using objective evidence provided by the social infor-

mation. Fitting lines were anchored on point (0.5,0.5) corresponding to neutral so-

cial information provided (nominal confidence rating equal to zero) and only slopes

were allowed to vary. Slope estimates indicate the weight put on partner’s opin-

ions. Weights lower than 1 indicate egocentric bias (Yaniv & Kleinberger, 2000).

Different weights were allowed for agreement (α) and disagreement (β) to account
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for confirmation bias (Nickerson, 1998). A three-way ANOVA with factors domi-

nance, condition and discounting factor type (α vs. β) showed a significant effect of

dominance (F (1, 47) = 28.34, p < .001, η2
G = .04) suggesting that greater discounting

was operated by dominated individuals. A significant main effect of discounting fac-

tor (F (1, 47) = 7.01, p = .01, η2
G = .03) indicated that discounting was significantly

greater in disagreement than agreement (t(47) = 2.64, p = .01, d = 0.43), replicating

the presence of a confirmation bias. Importantly, no main effect of condition was

found (F < 1), suggesting that overall condition did not affect discounting magni-

tude. Condition was however found to significantly interact with discounting factor

(F (2, 94) = 3.68, p = .02, η2
G = .002). Pairwise comparisons showed that confirmation

bias was less pronounced in the Interactiveother condition compared to the other two

(t(47) < −2.12, p < .05, d < −0.17). A marginal interaction between discounting

factor and dominance (F (1, 47) = 3.46, p = .06, η2
G = .006) and a marginal three-way

interaction (F (2, 94) = 2.47, p = .08, η2
G = .0009) were also found.

Experiment Discussion

Experiment 6 replicated all the key findings observed in the previous two experiments.

Results show that the introduction of confidence reminders had moderate effects com-

pared to the baseline Interactive condition. The presence of the other person’s con-

fidence reminder made participants decrease their confidence more in disagreement,

thus ending on lower absolute confidence levels. Reminders did not seem to affect

the independence of the confidence updates over and above what already observed

in the Interactive condition. They did not produce differences in choice accuracy or

accuracy improvements either. Only marginal differences in calibration improvements

were found among conditions.

Comparisons with a Bayesian opinions integration strategy confirmed the observa-

tions made in the previous two experiments, suggesting that participants discounted

social information received from partner. Participants tended to differently treat
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agreeing and disagreeing evidence and asymmetrically discount the two. Further-

more, greater social information discounting was operated by participants holding

the dominated opinion, probably due to a general tendency to discount/ignore social

information that deviated from Bayes particularly in dominated trials.

Although some effects were observed by the introduction of the other mem-

ber’s confidence reminder, the experiment failed to provide evidence that the results

observed in the Interactive condition were entirely due to a memory failure in re-

membering initial opinions (own or other’s). The pattern of results observed in the

Interactive condition was nearly unaltered, suggesting that even in the presence of a

constant reminder anchoring participants to their initially expressed views phenom-

ena of confidence escalation and updates coupling were observed. Thus it seems that

confidence escalation and the correlations emerging in interaction between updates

of members of a same dyad cannot be explained away by simple mechanisms specific

to our paradigm. The results are so far in agreement with an explanation in terms

of interaction modifying the dynamics of the information exchange between two deci-

sion makers. Interaction creates a situation where both participants can not only use

the independent opinion of their partner to inform their post-decisional judgments

but also how their partners react to the participants’ opinion. When interaction was

allowed seeing larger updates in their partners made participants’ confidence change

size increase in agreement and decrease in disagreement. The results add on a large

body of evidence suggesting that confidence judgments are not only the product of a

careful evaluation of decision relevant variables but often include several contingent

cues that are not decision-relevant but flow into creating a unitary internal sense of

confidence (Gigerenzer et al., 1991; Koriat, 2012a; Slegers, Brake, & Doherty, 2000).

Interestingly interaction decreased the independence of the two members’ judgments

in all three experiments using the current paradigm. Contrary to a common inter-

pretation of Wisdom-of-Crowds phenomena in terms of noise cancellation through
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averaging of independent measures (Galton, 1907; Lorenz et al., 2011) it was re-

peatedly shown that increased dependence did not significantly affect accuracy nor

accuracy improvement. This suggests that when people are allowed to share their

confidence judgments instead of their choice preferences only, individual and dyadic

performance can be extremely robust to failures (Bahrami et al., 2012b; Navajas et

al., 2017).

Conclusions

In this Chapter I investigated the possibility that differences observed in Experiment

4 between Interaction and Non-Interaction were due to memory failures in the main-

tenance of initial confidence. If this was the case we would expect that the presence

of a confidence reminder would improve any memory deficit thus reducing differences

between interactive and non-interactive conditions. Experiment 5 showed that this

was not the case when a reminder of one’s own initial confidence was available for

the whole duration of the social window. Experiment 6 tested this idea further by

adding a condition where a reminder of the other person’s initial opinion was made

available. Again, the experiment failed to show differences between Interactive and

reminder conditions, suggesting that the presence of an confidence anchor was not

sufficient for interaction effects to disappear.

Overall, the two experiments are congruent with an alternative explanation sug-

gesting that Experiment 4 key findings emerged because of fundamental different

dynamics characterising interactive versus static social exchanges. The next chap-

ter will use the interactive paradigm but explore further serendipitous results found

in Experiments 4-6 indicating confidence alignment between participants confidence

distributions.
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Alignment of Confidence in Interaction

Chapter Abstract

A final study using the dyadic interaction paradigm is reported. A serendipitous

finding of Experiment 4 suggested that participants within a dyad tended to align their

confidence distribution over and above what would be expected by chance. This result

was replicated in the Experiments 5 and 6 and reported in Appendix C. Experiment

7 tested an account of this confidence alignment phenomenon, that it emerges as a

strategy to cope with inter-individual differences in the use of confidence scales. To

test this hypothesis in the current experiment pre-advice confidence distributions were

recorded before and after interaction took place. For the first part of the experiment

participants were asked to perform the dot-count perceptual judgment on their own.

During the second part, participants performed the task interactively as described

in Experiments 4-6. Finally, during the last part of the experiment, participants

performed again the task on their own. Results show that confidence alignment is low

at the beginning of the experiment but quickly increases following interaction. The

effects of alignment carry over during the final part. It is concluded that alignment

is caused by social interaction. The effect is discussed within a broader range of

literature on metacognition and its social value.

213
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Confidence alignment in Experiment 4

The experiments reported in Chapters 4 and 5 investigated how interaction led to

correlated changes in confidence. As well as showing predicted effects, these exper-

iments revealed an unexpected effect of social information in terms of alignment of

confidence distributions between members of a dyad. Simple visual inspection of the

confidence distributions in Experiment 4 indicated that these were more similar for

participants within dyads than across dyads, even though these distributions plot the

initial “private” decision, before interaction on the trial. This is an interesting finding

considering that, in joint tasks, people have been shown to be negatively impacted

by differences in abilities (Bahrami et al., 2012b, 2010) and confidence use (Fusaroli

et al., 2012; Pescetelli et al., 2016), or by equal weighting policies (Mahmoodi et

al., 2015). Confidence matching can work as a heuristic to communicate uncertainty

(Bang, Aitchison, et al., 2017), raising the question of why alignment was observed in

our data. To test the confidence similarity more formally, a bootstrapping procedure

was applied that compared the correlation coefficient between mean confidence within

a dyad against the distribution of correlation coefficients observed by randomly pair-

ing participants. A corresponding analysis was performed on the spread of confidence

distributions within vs. across dyads. Mean and variance were used as they have

been shown to be informative statistics of someone’s confidence and robust across

tasks (Ais et al., 2016). For these analyses, participants were shuffled into nominal

dyads and the correlation between means and the correlation between standard de-

viations were computed. This procedure was repeated 1000 times, each time with

a new random pairing. Figure 7.1 shows the distribution of Pearson’s r correlation

coefficients expected by random pairing of participants and the one observed on em-

pirical dyads. Empirical Pearson’s r (solid line) was more than 3.9 σ away from the

distribution centre (greater than 99.9% of values) for the mean and 2.21 σ away from

the centre (greater than 98.8% of values) for the standard deviation. Members of a
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same dyad aligned their confidence distributions (i.e., how they used the confidence

scale), both in terms of mean and standard deviation.

To test for changes in this confidence alignment over time, we computed the

average Kullback-Leibler (KL) distance between pre-social information confidence

distribution (divided in 5 bins) of the two members in the first half and second half of

the experiment. A one-way ANOVA on KL-distance showed no reliable effect of time

(F (1, 18) = 2.83, p = .10, η2
G = .06), although the similarity between dyad members

confidence distributions reduced numerically over time as seen in Figure 7.1, right

panel.

Less surprisingly, also dyad members’ post-social information confidence distribu-

tions were extremely correlated. The z-scores relative to random pairing were 3.68 for

the correlation of means and 2.26 for correlation of standard deviations), suggesting

a high level of post-social information confidence alignment.

Figure 7.1: Confidence alignment in dyads in Experiment 4. Left: distribution of
correlation coefficients expected by chance for both mean and standard deviation.
The solid line represents the correlation observed in empirical dyads. Right: The solid
line represents the correlation observed between means of confidence distributions
belonging to members of the same dyad. The dashed line represents the correlation
between standard deviations.

Alignment could result from participants using the confidence scale similarly across

trials or from shared features of the stimuli on a trial-level. Although the box stimuli
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were created independently by the two parallel staircase procedures, other variables,

like room noise, might have contributed to trial-level perceptual covariation between

same dyad members. To check whether this correlation arose from common trial-level

variables, we computed correlation coefficients between the same dyad members’ con-

fidence judgments across trials. Empirical average correlation between dyad members

confidence across trials was only 0.72 σ away from the center of the distribution ob-

tained by random pairing (1000 repetitions), suggesting that confidence alignment

was not purely due to trial-level features, but reflected a more general similarity in

the use of the confidence scale across trials. The fact that the observed correla-

tion was still above the chance distribution mean notwithstanding separate staircase

procedures, can be a by-product of the similar use of the confidence scale already

described between dyad members.

Finally we wanted to check whether the confidence alignment effect was due to co-

variation in the accuracy of each member. Because of the application of the staircase

procedure to each participant, members of the same dyad experienced equal number of

correct responses on average. However correlation between dyad members’ accuracies

could arise on a trial-by-trial level, that would lead to covariations also in confidence

(Fleming & Lau, 2014). We computed the Goodman-Kruskal’s gamma statistic, which

measures the rank correlation between trial-level choice accuracy of members of the

same dyad, divided by decision (pre-social information vs. post-social information)

and condition (Non-Interactive vs. Interactive). A 2x2 ANOVA showed an effect of

decision (F (1, 23) = 107.22, p < .001) but not of condition (F < 1) nor an interaction

between these factors (F < 1). Gamma values collapsed across conditions showed

that dyad members response accuracy was not correlated pre-social exchange (t < 1,

against 0 mean), but it was after communication took place (t(23) = 12.02, p <

.001, d = 2.45).
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Experiment 5 and 6 replicated key Experiment 4 results on alignment (see

Appendix C for details), indicating that the effect was robust across changes in ex-

perimental conditions and incentive schemes. Different explanations could be offered

to explain the confidence alignment results of Experiment 4. The following section

will describe the three main hypotheses considered, namely the pre-existing similar-

ity hypothesis, the behavioural anchoring hypothesis, and the strategic alignment

hypothesis. Experiment 7 was designed to discriminate among the three alterna-

tive hypotheses by manipulating the possibility to interact with others. During the

first phase of the experiment, participants performed the dot-count task alone and

their individual confidence distributions were recorded. In the second phase they

interacted with their dyad partner in a similar manner to the Interactive conditions

of Experiments 4-6. Finally in the third phase they performed the task alone once

more.

Three alternative explanations

The first hypothesis for the emergence of confidence alignment - named the “similar-

ity hypothesis” - claims that the recruitment procedure introduced a selection bias

whereby people with shared confidence variance were recruited in pairs. The recruit-

ment advertisement asked each volunteer to bring along a friend of theirs of the same

gender on the day of the experiment. Several studies in social psychology have shown

that a bidirectional reinforcement loop exists between liking, similarity, and interac-

tion (E. Smith & Mackie, 2007). People who spend more time together are known to

align both behaviourally and emotionally (Griffitt, 1969; Zajonc, Adelmann, Murphy,

& Niedenthal, 1987). On top of that the fact that members of the same dyad were of

the same gender could have had the effect of introducing further covariation in their

confidence (Barber & Odean, 2001; Buchan et al., 2008). Thus members of the same

dyad shared similar confidence traits due to their past interactions and demograph-
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ics, which naturally led to greater confidence correlations compared to members of

different dyads.

An alternative hypothesis - the “anchor hypothesis” - is that participants’ spe-

cific use of the confidence scale provided a behavioural anchor that their partners’

used to drive their own judgments. Anchoring is a well-known heuristic and its effects

are robust and difficult to erase even when participants are informed that the anchor

provides no useful information (Englich, Mussweiler, & Strack, 2006). Phenomena

of behavioural contagion are well known in the social psychology literature (Deze-

cache et al., 2013; C. D. Frith, 2007; Moussäıd et al., 2015; Wheeler, 1966) and in

the animal kingdom (Massen, Šlipogor, & Gallup, 2016). According to this view, the

simple fact that participants knew how the other person was using the scale might

have influenced them to use it in a similar manner (e.g. clustering to the extremes or

to the middle part). Notice that in previous experiments participants did not have

to be in the Interactive condition in order to know how their partner was using the

scale as in all conditions confidence judgments were shared between dyad’s members.

According to this explanation alignment is irrelevant to the specific task used and

does not reflect a reward maximizing strategy.

Finally, a final hypothesis - the “interaction hypothesis” - is that during inter-

action, confidence alignment represents an effective strategy to maximise sharing of

task-relevant confidence variance while minimising the effects of task-irrelevant vari-

ance. Confidence is known to be affected by several task-irrelevant variables, including

gender (Barber & Odean, 2001), profession (Broihanne et al., 2014), mental health

(Huq et al., 1988), personality (Campbell et al., 2004) and culture (Mann, 1998).

These “trait” variables affect the overall confidence of an individual. Variability in

trait confidence however does not carry any information about the perceptual stimu-

lus and should thus be disregarded. Variation in “state” confidence on the contrary
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reflects the internal variation of perceptual uncertainty around an individual “trait”

mean. Assuming that the most influential opinion is the most confident one, mis-

aligned partners risk to generate a situation where one individual (the overconfident

one) is consistently more influential than the other one. In a joint decision task where

the dyad always chooses the option supported by the highest confidence (Bahrami

et al., 2010; Pescetelli et al., 2016), this situation would mean that dyad’s accuracy

cannot be expected to exceed the accuracy of the most confident participant. Align-

ing confidence distributions has the effect of reducing the effect of trait confidence

variation preserving state confidence variability. Group accuracy can thus overcome

individual accuracies by making underconfident individuals more influential on group

choices.

The interaction paradigm was modified to disentangle the first two hypothe-

ses from the last one. Participants performed the dot task alone at first, then with

modalities similar to the Interactive condition described in Experiments 4-6 and fi-

nally alone again. Confidence distributions were recorded before, during and after

interaction with their partners and alignment between partners was computed for

each phase. If confidence alignment is a product of unspecific increased similarity

due to past interactions (“similarity hypothesis”) we should expect to observe align-

ment from the very beginning of the experiment. Confidence sharing among members

should not be necessary for confidence alignment to be observed and alignment should

not differ across phases (Figure 7.2). On the other hand, under the anchor hypoth-

esis, we should expect that little or no alignment should be observed in the present

paradigm, because extensive initial experience with the task performed alone should

anchor participants to their own independent confidence judgments instead to their

partner’s (Figure 7.2). Finally, the interaction hypothesis predicts that a steep in-

crease in confidence alignment should be expected under the new paradigm as soon

as participants get to know each other’s confidence distributions, as a product of an
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optimisation strategy that allows participants to reduce the harmful effect of variance

in trait confidence and maintain useful variance in state confidence (Figure 7.2).

Figure 7.2: Predictions made by the three hypotheses under consideration about the
alignment pattern that should be observed in the experimental data.

Experiment 7

Method

Participants Participants (mean age: 21.14±2.70) formed 24 dyads (19 female

dyads). Volunteers were recruited through local advertisements websites and Univer-

sity recruitment platform. Interested volunteers were asked to bring a friend of the

same gender along on the day of the experiment. Participants were compensated for

their time and according to performance with money and/or university credits.

Task and Manipulation. The experiment comprised 432 trials divided in three

phases of six blocks each. All trials started with the dot-task (Boldt & Yeung, 2015)

previously described. Participants responded on a semi-continuous confidence scale

ranging from 100% Sure Left to 100% Sure Right. Participants entered their answers

with modalities described in Experiments 4-6. Each side of the scale comprised 50

levels. In phases I and III, after both participants had confirmed their answers,

feedback was given about each participant’s accuracy and a new trial began. In phase

II of the experiment, after both participants had confirmed their individual answers,
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the social exchange part began with modalities similar to the Interaction condition

already described in Experiments 4-6. As in Experiments 4-6, the social exchange

part of the trial lasted for 4 seconds, during which time the cursors’ positions along

the confidence scale were continuously recorded at 5 Hz (21 data points per trial).

Feedback was then provided and a new trial began (see Figure 7.3). Participants were

informed that an extra bonus could be achieved by accurately reporting their final

confidence during individual decisions and their continuous confidence during their

social decisions.

Before the beginning of phase I, one block of six trials served as practice with the

perceptual task. Before the beginning of phase II, participants received a new set of

instructions explaining the input modalities and incentive scheme during the social

exchange part, according to the Interactive condition modalities. No practice was

given.

Figure 7.3: Experimental paradigm employed in Experiment 7. Participants perform
the perceptual task on their own expressing on each trial a choice and a confidence
judgment. In the middle phase of the experiment participants are shown their part-
ner’s choice and confidence after expressing their own private views and are asked
to update their initial answers in a similar fashion as in the Interactive condition of
Experiments 4-6. In the last phase, participants are again asked to perform the task
alone and their choice and confidence are recorded on every trial.
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Results

Preliminary analysis. All the routine analyses that were performed on previ-

ous experiments were also performed on the current study although not central to

the hypotheses at test. This was done to ensure that the pattern of results did

not differ from previous experiments. Results showed that the pattern of updates

was similar to Experiments 4-6, with larger updates taking place around 1 seconds

and reaching stability by the end of the update window. Similarly to Experiments

4-6, irrational confidence changes during the social phase were more frequent in dis-

agreement than agreement (F (1, 47) = 8.70, p = .004, η2
G = .08) and both choice

accuracy and calibration significantly improved from pre- to post-social information

phase (t(47) > 5.10, p < .001, d ∼ 1).

Confidence distributions. Figure 7.4 shows the individual confidence distribu-

tions over all confidence levels of the scale, divided by experimental phase. Each

row represents one dyad, with phases coded as different colours. Participants belong-

ing to the same dyad are placed near each other. Some clustering can be noticed

around text landmarks (60%,70%,80%, etc.), probably due to instruction’s emphasis

on confidence calibration.
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Figure 7.4: Individual confidence distributions over available confidence levels (x-
axis), divided by experiment phase (color code). Each row corresponds to one dyad;
y-axis indicates frequency of use.
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Confidence alignment. The central test of the experiment was a comparison of

confidence alignment over the three experimental phases. A bootstrapping procedure,

as described in previous experiments, was applied to to compare observed correlation

values in each phase with what is to be expected by randomly pairing participants.

Results show that compared to a bootstrapped distribution the observed correlation

between confidence means went from the 74 percentile in phase I to 97 percentile in

phase II and 94 percentile in phase III (Figure 7.5, top row). Correlation of standard

deviations on the contrary remained high during the whole experiment, as shown by

the bottom panels (98, 99 and 99 percentile, in the three phases respectively).

Figure 7.5: Bootstrap procedure across the three experimental phases. Correlation
coefficients between means (top row) and standard deviations (bottom row) of the
empirically observed confidence distributions are compared against the distribution
of correlation coefficients expected by a random pairing procedure.

Empirical Pearson’s correlation coefficients between pre-advice confidence means

of participants belonging to same dyad is also shown in Figure 7.6 top panel. The

observed correlation sharply increased during the interaction phase of the experiment,

suggesting a causal relation with the experimental manipulation. Results were not

strongly altered when controlling for variations in accuracy and threshold using a



7.3 Experiment 7 225

partial correlation analysis (red bars in Figure 7.6 top panel). Compared to Exper-

iment 4, correlation coefficients are smaller in magnitude, probably indicating that

some anchoring to confidence scale from phase I must have taken place.

The increased correlations offers support for the hypothesis that alignment sig-

nificantly increased over experimental phases. To test this formally, alignment was

reformulated, for each dyad and each phase, as the absolute difference in mean confi-

dence between the two dyad members, which produced a value for each dyad instead

of across dyads. Alignment reflects the fact that participants shifted their pre-advice

confidence distributions toward each other, so values closer to zero indicate greater

alignment. Figure 7.6, bottom panel, plots distance as negative values to correspond

with correlation coefficients plotted in the top panel, where more positive values in-

dicate closer alignment. Values were then subjected to a one-way ANOVA which re-

vealed that phase significantly altered alignment (F (2, 46) = 4.48, p = .01, η2
G = .06).

Planned comparisons showed that overlap was significantly larger during the inter-

action phase than during the pre-interaction phase (t(23) = 2.80, p = .01, d = 0.58),

confirming that alignment was directly caused by the experimental manipulation. A

marginally significant difference was also observed between phase III and phase I

(t(23) = 1.76, p = .09, d = 0.35), but not between phase II and phase III (t(23) =

1.22, p = .23, d = 0.25).
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Figure 7.6: How confidence alignment between participants of similar dyads changed
over the course of the experimental phases. Top panel: Pearson’s correlation coeffi-
cient between means of the pre-advice confidence distributions of members belonging
to the same dyads (blue bars); similar results were obtained when controlling for
variations in accuracy and perceptual threshold (red bars). Bottom panel: negative
distance between confidence means of pre-advice distributions. Also this method to
quantify alignment suggests alignment increases from phase I to phase II.

The next set of analyses investigated what drives alignment and whether confi-

dence shifts are symmetrical between the two participants. Noting that task difficulty

was set to match the accuracy of all participants at ∼ 71%, two potential factors

were considered, namely average confidence and confidence calibration during the

pre-interaction phase. A linear regression tested whether participants tended to shift

their confidence toward the most confident participant or toward the most calibrated

one. The absolute difference between phase I and II in the mean pre-advice confidence

acted as dependent variable. Average confidence and confidence calibration in phase
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I acted as independent variables. Results show that smaller confidence shifts oc-

curred in participants who were highly calibrated (β = −20.59, SE = 5.39, p < .001)

or highly confident (β = −0.44, SE = 0.11, p < .001). Interestingly, the interac-

tion term between the two factors was also significant and positive (β = 0.82, SE =

0.20, p < .001), suggesting that greater shifts were observed in more calibrated par-

ticipants when they were also highly confident. Conversely, lower shifts occurred in

highly confident but uncalibrated participants and in highly calibrated but uncertain

participants.

Estimate SE tStat DF p

intercept 12.74 2.9237 4.3573 44 p < .001***
calibration -20.594 5.3974 -3.8155 44 p < .001***
confidence -0.4488 0.11693 -3.8383 44 p < .001***
calibration:confidence 0.82702 0.20815 3.9732 44 p < .001***

Table 7.1: Linear coefficients and standard errors of a multi linear model run to predict
participant’s absolute confidence shift from phase I to phase II of the experiment.

The benefits of confidence alignment. The results presented so far are incon-

sistent with the similarity hypothesis, which states that alignment is the product of

pre-existing similarity traits between members of a same dyad. The results are also

inconsistent with the anchor hypothesis, which predicts that anchoring effects should

not be observed if participants had the chance to consolidate their use of the confi-

dence scale before social exchange. They are, however, consistent with the interaction

hypothesis, stating that alignment should be observed as a consequence of confidence

sharing between the two members.

A more flexible version of the anchor hypothesis can however be formulated, which

states that people can still get biased towards their partners by looking at the their

partner’s use of the confidence scale when this information becomes available during

the interaction phase. This modified version of the anchor hypothesis thus makes

identical predictions than to the interaction hypothesis (namely increased alignment
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in phase II) and it would be impossible to distinguish between the two only based

on the analyses presented so far. The modified anchor hypothesis differs from the

interaction hypothesis, however, in that it does not make specific predictions about

whether and how accuracy would change from phase I to phase II. On the contrary,

the interaction hypothesis predicts that alignment should be correlated with good

performance, as this is a strategy to optimise information sharing about the individual

likelihood of a correct response.

Accuracy improvement was defined as the difference between pre- and post-

social exchange choice accuracy during phase II, averaged across dyad members, with

dyad as the random effect. A marginal negative correlation was found between accu-

racy improvement and difference between confidence means of members belonging to

a same dyad during phase one (r(22) = −.37, p = .07), suggesting that greater accu-

racy improvements are observed when participants’ confidence distributions started

off relatively aligned to each other. This result provided preliminary evidence for the

interactive interpretation.

Figure 7.7: Marginally significant negative correlation existing between confidence
alignment during pre-interaction phase (phase I) and accuracy improvement during
the interaction phase (phase II). The correlation suggests that greater initial mis-
alignment decreases the chances of accuracy improvement at interaction.
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A final analysis estimated the accuracy level that would be expected had the par-

ticipants not shifted their confidence distributions towards each other. The approach

taken was to estimate what pre-advice confidence Ĉ was to be expected without

alignment and then add the empirically observed confidence shift. Ĉ was estimated

as:

Ĉ = µpre + σpre ∗ z (7.1)

where z is the z-score of pre-advice confidence observed during the interaction

phase (phase II) and µpre and σpre are the mean and standard deviation of the pre-

advice confidence distribution observed during the pre-interaction phase (phase I).

To estimate the hypothetical final accuracy of participants had they not aligned con-

fidences, observed confidence change δC (equation 2.3, Chapter 2) was added on top

of Ĉ: Ĉpost = Ĉ + δC . This resulted in an estimated post-advice confidence accord-

ing to pre-alignment coordinates, in which post-advice confidence values lower than

zero indicate changes of mind from pre- to post-advice decisions. Thus, estimated

post-advice accuracy Ĉor differed from observed post-advice accuracy Cor whenever

sign(Ĉpost) 6= sign(Cpost), indicating changes of mind that would have not occurred

without alignment (or vice versa resisting a change of mind that would have oc-

curred without alignment). Results are shown in Figure 7.8 left panel and show that

observed accuracy (Cor) was greater than estimated accuracy (Ĉor) indicating that

alignment produced grater average final accuracy than if alignment had not happened

(t(47) = 5.10, p < .001, d = 0.75). These findings provide further support for the in-

teraction hypothesis, which proposes that confidence alignment occurs to facilitate

effective sharing of information in social exchange.



230 Alignment of Confidence in Interaction

Figure 7.8: Accuracy that would be expected had the participants not shifted their
confidence distribution toward one another.

Discussion

Experiment 7 aimed to disentangle contrasting explanations of confidence alignment

between dyad members. Two of them, the similarity and anchor hypotheses, ascribed

confidence alignment to contingencies that were irrelevant to the task. In contrast,

the interaction hypothesis proposes that confidence alignment is an effective strategy

to reduce variance in trait confidence (which here is not relevant to the task) and

maximise variance in state confidence (task-relevant). Based on this interpretation

(a) alignment should be observed only after participants learn the other person’s

confidence distribution (e.g., mean confidence) and (b) it should produce benefits to

accuracy. Both predictions were met in the observed data, suggesting that confidence

alignment is a strategy emerging for optimising cooperation.

It should be pointed out that the alignment strategy is not necessarily a con-

scious decision made by participants, but must be interpreted as a behavioural coor-

dination strategy the dyad converges to when trying to solve the task. Confidence

alignment might well be a general trait of human social interactions that allows peo-

ple to solve group coordination problems (Bang, Summerfield, & Lau, 2017; Fusaroli
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et al., 2012; Shea et al., 2014). Alignment was in the present task the optimal strat-

egy to adopt given that participants shared equal accuracies. However in situations

where partners differ in their expertise alignment can produce suboptimal results.

If we assume members are calibrated, whenever accuracy levels differ across group

members confidence alignment makes the accurate partner under-confident and the

inaccurate partner over-confident, a situation that produces over-reliance on the in-

accurate person’s judgment. Confidence calibration has been shown to be beneficial

to group performance (Pescetelli et al., 2016). When listening to advice, people have

nevertheless been shown to be more sensitive to absolute confidence than calibra-

tion (Pescetelli et al., 2016; Price & Stone, 2004), at least when gathering objective

feedback is impossible or costly (Sah et al., 2013). Finally confidence alignment in

situations of great accuracy imbalance can produce an equality bias (Mahmoodi et

al., 2015), whereby group choices favour too much inaccurate members and too little

accurate ones.

As it can be seen from Figure 7.6 the effects of confidence alignment carried on

during phase III of the experiment, although reduced in size. An interesting question

is whether the confidence alignment effect can be used to favour confidence calibra-

tion in uncalibrated participants. An ongoing collaborative project (Van den Broeck,

Pescetelli, & Yeung, 2017) investigates these questions by pairing participants with

virtual advisers devised to have a complementary confidence distribution to the par-

ticipant. If the participants align confidence with these virtual “tutors”, this should

have the effect of reducing confidence in over-confident individuals and increasing

confidence in under-confident ones. If successful, the implications will impact clinical

populations (David, Bedford, Wiffen, & Gilleen, 2012) as well as produce applications

for improved group cooperation and performance.



232 Alignment of Confidence in Interaction

The following Chapter will summarise the main findings of this work and iden-

tify common underlying issues and threads. Unanswered questions will be stated and

future possible directions suggested.
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General Discussion

Chapter Abstract

This Chapter concludes the present work on the use of metacognitive processes to

guide the navigation of our social world. I summarise the paradigms used and the

results found. I will highlight common threads that connect the different pieces

together and draw integrative conclusions. Finally, the present work is put into the

broader context of existing literature and emphasis is placed on how it expands this

literature and what new questions it raises.

233
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First line: a Judge-Adviser paradigm

Work motivation

The research presented in this thesis was motivated by existing literature in decision

making and social psychology suggesting a direct link between judgments of confi-

dence and the influence of people’s opinions on others’ believes and group choices

(Bahrami et al., 2010; Bonaccio & Dalal, 2006; Price & Stone, 2004). Although

confidence is an indicator of the probability that a given choice is correct, people

have been shown to vary in the degree to which their confidence judgments are accu-

rately indicative of their actual underlying probability of reporting a correct response

(Baird, Smallwood, Gorgolewski, & Margulies, 2013; Fleming et al., 2010; Song et al.,

2011), an ability called calibration (Fleming & Lau, 2014). Calibration is important

for group performance as it favours the selection of the response associated to the

least uncertainty (Pescetelli et al., 2016). Previous research shows that when people

have access to objective feedback, they trust calibrated individual over confident ones

(Tenney et al., 2007). However when feedback becomes costly to acquire or impossi-

ble to define, confidence is the best predictor of influence and trust (Sah et al., 2013).

Thus confidence (and its calibration) can be regarded as a social signal that allows

others to know when our judgment is most to be trusted.

A large tradition in decision-making and learning has focused on models of re-

inforcement learning (Sutton & Barto, 1998). These models of decisions are funda-

mentally based on an outcome signal that is typically associated with rewards and

feedback. But situations of feedback absence are abundant in our daily life (Weiss

& Shanteau, 2003), yet in these contexts people are still able to make decisions and

learn (Guggenmos et al., 2016). In the absence of feedback, group performance in

joint decision tasks has been shown to exceed performance of individuals as long as

group members are allowed to share the uncertainty in their choices (Bahrami et

al., 2012a). These observations raise the question of what signals participants follow
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when learning in the absence of objective reliability cues (own and external sources’).

Given that confidence is defined as the (subjective) estimation of the probability of

an event happening (e.g. a decision made being correct), it has here been suggested

that it can be used as a noisy internal proxy to feedback in situations when objective

feedback is missing.

The first line of studies put together the findings reviewed above into a unitary

and coherent paradigm in which the effects of reliability and calibration were studied

with and without objective feedback. Three studies aimed to (a) identify the likely

mechanisms driving learning about the reliability of social sources in the absence of

objective feedback; (b) understand how different adviser profiles affect the formation

of trust in the adviser; (c) understand whether internal metacognitive signals in the

advisee play a role in the perception of the advice. The paradigm used to investigate

such questions is a modified Judge-Adviser System paradigm, similar to that often

used in organisational psychology experiments (Sniezek & Buckley, 1989, 1995). In

this new version of the paradigm, a participant (the judge) makes a decision about the

state of a perceptual quantity (e.g. the number of dots contained in a delimited field),

then is shown the opinion of a virtual partner and is finally allowed to adjust his/her

initial opinion based on the advice received. Manipulation of the advice profile and

analysis of belief updates as well as explicit trust judgments given by participants

allow the researcher to quantify what factors influence trust formation and advice

perception when feedback is explicitly provided versus when it must be inferred from

contextual and internal cues.

People distinguish advice even in the absence of feedback

In the absence of objective feedback, classical reinforcement learning models, like

delta rule, have difficulties explaining the mechanisms of learning because they are

all highly dependent on a prediction error term that quantifies the difference between

an expected reward and an outcome, which is missing in no-feedback scenarios. But in
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many everyday cases, outcome rewards and feedback signals are known to co-vary with

several satellite variables, including agreement among different sources and internal

metacognitive estimates like uncertainty and confidence judgments. In principle, any

variable correlating with the outcome (choice accuracy in the present work) can be

used as a (noisy) replacement for the actual outcome itself. Experiments 1-3 showed

that when available agreement provides a simple heuristic cue that participants use

to estimate advice reliability.

The results of Experiment 1 confirmed and expanded previous results (Tenney

et al., 2007) showing that when feedback is available, greater advice influence and

trust were predicted by both obvious advice features, like accuracy, and more subtle

cues, like calibration. Importantly, when feedback was removed the overall pattern

of results did not substantially change suggesting that participants were still able to

recognise (and value) accurate advisers and calibrated advice.

Across the three experiments, results indicate that people seem to use agreement

in confidence as a cue to adviser accuracy. A simple formal model of advice-taking

behaviour and trust formation shows that good approximations of participants’ trust

and belief update patterns could be reproduced in variants that had access to metacog-

nitive information (Confidence variant). The success of this model was benchmarked

against a simpler model without metacognitive access (Consensus variant) and to a

model with access to objective feedback (Accuracy variant). Appendix A describes

how similar conclusions are reached by a delta-rule model adapted to the conditions

of Experiment 3.

Inference in the absence of feedback: highs and lows

The agreement-in-confidence strategy works well when advice is independent from

one’s own judgment, like in Experiment 1. But issues arise when similar biases

affect adviser’s and advisee’s judgments. Experiment 2 contrasted the Consensus

and Confidence model variants by dissociating the accuracy and agreement rates of
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different advisers. This dissociation was possible by manipulating the probability of

agreement conditional on the participant’s accuracy. So, for instance, an agreeing

but inaccurate adviser would tend to agree with the participant on trials when the

participant is wrong.

Results showed that when provided with feedback participants trusted more and

relied more on accurate advisers over inaccurate ones and on agreeing advisers over

disagreeing ones. The effect of agreement was surprising given that participants could

form an objective representation of the advisers’ accuracy. Given the task, this was

a suboptimal strategy as consensus was not predictive of accuracy. It shows that

inferring reliability from agreement with one’s own opinions is a cognitive heuristic

that participants cannot avoid using, rather than a strategy adopted only when no

other objective standard is available. When feedback was removed, agreement of

the advice with participant’s judgments became the strongest predictor of trust and

influence. Although an effect of accuracy on advice influence could be seen, the results

showed that participants heavily relied on easily available cues (agreement) rather

than on implicit ones (metacognitive signals). Interestingly however, the Confidence

model produced patterns of results that were more similar to the Consensus model

than to the Accuracy model. The reason is that this model, although it weighted

consensus by internal confidence, still needed consensus to form a trust judgment. In

other words, a metacognitively informed strategy must rely on agreement while an

agreement strategy does not have necessarily to rely on confidence.

Results of Experiment 2 showed how agreement probability with one’s own opin-

ions is a powerful cue to the adviser’s perceived reliability. Experiment 3 overcame

the limitations of Experiment 2 by removing differences among advisers in agreement

rates. In this new experiment, agreement probability across advisers did not differ

overall but differed based on the participant’s pre-advice confidence. By manipu-

lating the probability of agreement conditional on participant’s accuracy and initial
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confidence, we obtained an adviser who shared the same bias as the participant (i.e.

agreement rate scaled with initial participant’s confidence), an adviser who showed

opposite bias (i.e. agreement probability is inversely proportional to initial partici-

pant’s confidence) and an adviser who was unbiased (no difference in agreement rate

over different levels of initial participant’s confidence).

Results showed that when provided with feedback, participants tended to trust the

anti-bias adviser the most and the bias-sharing the least, consistent with the informa-

tional value of the advice. However, when feedback was removed, participants tended

to trust and rely more on the bias-sharing adviser, consistent with a confidence-based

strategy. The unbiased adviser surprisingly showed the lowest trust ratings and influ-

ence, while the anti-bias adviser lay in between the first two. As predicted, a model

endowed with metacognitive access trusted the bias-sharing adviser more than the

anti-bias adviser, while a model without access to metacognitive information did not

discriminate among advisers. Far from being unrealistic laboratory constructions,

manipulations of Experiment 2 and 3 reproduce realistic scenarios where people can

cluster around specific biases, use different sampling strategies of their environments

or simply vary in perceiving external information due to differences in personality

traits or psychiatric condition.

The mechanisms described by the model and the behaviour observed in partic-

ipants suggest that agreement with someone else is a simple and effective strategy to

estimate the underlying accuracy of a (social) informational source when feedback is

not available or costly to acquire. Results however also point at the risks to which

such a strategy might be prone. The findings above highlight the fact that our partic-

ipants assumed by default that the other person’s opinion was independent from their

own. This follows from the fact that agreement among two sources speaks in favour

of the reliability of the judgment agreed upon only if the sources are independent of

each other. As an example, imagine you are the editor of a peer-reviewed journal
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and you are asking for the opinion of different reviewers about the quality of a paper

that has been submitted to you. If the reviewers agree that the paper is excellent

you can be sure that the paper is indeed excellent only if you know that the review-

ers independently scored it instead of simply passing each other notes. If agreement

among reviewers comes from a correlation among their judgments (e.g. exchanging

notes) then the reliability of the agreed judgment dramatically decreases. The fact

that agreement was such a strong predictor of trust and influence in my experiments

even when objective feedback was easily available suggests that participants assumed

independence between their own judgment and their partners’ even when objective

feedback could be used to learn that this assumption was wrong (e.g. Experiment

2, feedback condition). Assumptions of judgment independence among members are

also thought to explain hidden-profile results, because correlated information that is

shared among group members elicits an illusion of agreement when sampling from

members’ views (Kerr & Tindale, 2004; Stasser & Titus, 2003). Our findings show

that when the independence assumption is not met, trust can be placed on the wrong

advisers (as in Experiment 3) or not placed on potentially accurate advisers (as in

Experiment 2).

The presence of the agreement bias is likely to be an adaptive strategy for quickly

gaining information in conditions when feedback is not readily available or costly to

acquire. These situations are quite common in daily life scenarios (Weiss & Shanteau,

2003), such as in medical practice and education, although unfortunately under-

represented in the decision-making literature (although see Guggenmos et al., 2016,

for an exception). Although appropriate in many naturalistic scenarios, the indepen-

dence assumption that our participants seem to have made might generate quick error

cascades and misplacement of trust in several modern-life environments. Increasingly

more people get their news and share their views on online platforms (Mitchell, Got-

tfried, Barthel, & Shearer, 2016), where small-world network topologies (Watts &

Strogatz, 1998) can create clustered pockets of stagnant information (Jasny et al.,
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2015; Sunstein, 2001). These pockets or “echo-chambers” can easily produce agree-

ment among their members generating a false feeling of confidence, particularly in

situations where expertise is difficult to verify and feedback to acquire (e.g., political

or socio-economic matters). More importantly, our findings show that, even when

presented with information from sources that equally agree with one’s own view, a

subject might still prefer and be more influenced by partners who agree on matters for

which the subject already holds a strong opinion. This leads to an inconvenient para-

dox whereby partners who can potentially improve our judgments the most (namely

the ones who do not share our biases) are also the ones who are least likely to be

perceived as reliable.

Trust and Influence: correlated but potentially dissociable

The use of explicit reports of trust and advice influence as dependent variables allowed

me to test for dissociations between explicit attitudes toward advisers and observed

behaviour (i.e., confidence update). In all three experiments, the trust and influence

measures tended to be strongly correlated and their results consistent with each other,

indicating that, when asked to report their trust explicitly, participants gave answers

that matched their observed opinion update behaviour.

The two measures however seemed to be dissociated in the No-Feedback condition

of Experiment 2, where participants did not show an effect of accuracy when directly

asked, but did rely on accurate advisers more than inaccurate ones when updating

their confidence. Two explanations were offered. The first one suggests that perhaps

the pre-processing steps used to generate the trust measure caused some information

loss. As detailed in Chapter 4, analysis of participants’ unprocessed responses showed

that this explanation is unlikely. Indeed, even when directly asked about advisers’

objective accuracy (Question 1 of the questionnaire), responses showed an effect of

adviser agreement rate but not of accuracy, indicating that participants could not

distinguish advisers based on their objective reliability.
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A more likely explanation is in terms of halo-dumping effect (Clark & Lawless,

1994), according to which participants tend to use the most available dimension to dis-

criminate among stimuli, when offered with a unidimensional scale. It is possible that

agreement rate in our experiment was such an obvious cue that, when directly asked,

participants ignored the much subtler variations in accuracy (an implicit cue in the

No-Feedback condition) and discriminated different advisers according to agreement

only (a explicit cue in the No-Feedback condition).

The importance of judgment variability

In the absence of objective feedback, participants in Experiment 3 showed an un-

expected numerical non-significant difference between the unbiased adviser and the

anti-bias adviser. The unbiased adviser showed lower trustworthiness and influence

compared to the anti-biased counterpart. This fact was surprising given that the unbi-

ased adviser was expected, given its profile, to lie in between the other two (whatever

direction of preference participants expressed). Although not significant, the results

raise the question of why such a pattern was consistently found in both measures in-

vestigated. One possibility is that participants’ strategy to form a reliability estimate

about their partners was more complex than described by our simple model.

Weiss and Shanteau (2003) provided a useful framework for the definition of ex-

pertise in the absence of explicit accuracy measures. Taking medical practice - a

situation where outcomes are known much later than decisions are made - as exam-

ple they insightfully suggest that expertise should be defined as the ratio between

between-class variance and within-class variance. In other words the judgments of an

expert should be discriminative across different classes (e.g. different diagnoses for

different diseases), thus creating large between-class variance, but consistent within

each class (e.g. same diagnosis for the same disease), thus creating small within-class

variance. It is possible that a similar logic might have been applied by the partici-

pants tested in Experiment 3. Without an external reference (i.e. objective feedback)
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participants might have resorted to use internal confidence to categorise trials (e.g.

low-confidence, medium confidence and high confidence trials). The agreement pat-

tern of the unbiased adviser would have in this case showed the lowest variance across

these subjectively constructed categories.

Although it is not suggested here that participants actively engaged in such mental

strategy, it must be pointed out that a shared logic can explain important features

characterising judgments of expertise in the absence of objective references. Indeed,

low variance across classes of events (objective or subjectively defined) implies that

each instance carries less information than if classes are more variable. Participants

might have associated that the probability of agreeing with the unbiased adviser did

not help them to discriminate trials in which they should have felt confident in their

answer from trials in which they should have felt uncertain.

The second research line: Moving beyond static so-

cial stimuli

The first three experiments made extensive use of the traditional Judge-Adviser Sys-

tem used in social and organizational psychology (Budescu & Rantilla, 2000; Sniezek

& Buckley, 1989; Sniezek & Van Swol, 2001). Although useful to understand opin-

ion change and advice taking, the studies are also limited by the strict structure of

the paradigm. Compared to real-life situations the JAS paradigm constraints social

exchange into static stages where information is transmitted unilaterally (i.e. from

the adviser to the participant). Novel work in social neuroscience as well as psychi-

atry and virtual reality shows the importance of understanding social interactions

in more ecological contexts, where decision makers are active agents instead of pas-

sive observer of social stimuli (Auvray et al., 2009; Dumas et al., 2014; Froese et al.,

2014; Mattout, 2012; Schilbach, 2016). A new paradigm tried to move beyond Judge-

Adviser systems by including more naturalistic social exchanges based on real-time

recursive interactions in a highly controlled environment.
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Interaction is characterised by non-linear dynamics

Experiment 4 compared directly non interactive scenarios with interactive ones, keep-

ing however the amount of task-relevant information constant. The results showed

an overall agreement in the pattern of opinion updates between the two conditions,

but importantly also some differences. In interaction, more update transitions and

longer times to reach equilibrium were observed during the update window, indicat-

ing greater recursivity. Interaction led participants to an increase of the agreement

effect (i.e., the increase in confidence after agreement) and a reduction of the disagree-

ment effect (i.e., the decrease of confidence observed after disagreement). The results

can be explained by a modulation of partner’s confidence change during interaction.

When participants could see how their own opinion affected their partners, confidence

changes of members of a same dyad became coupled. In agreement, greater increases

in partners’ confidence pushed participants to increase their confidence more, thus

suggesting confidence escalation, particularly when initial opinions were uncertain.

On the contrary larger decreases of confidence after disagreement in one participant

corresponded to lower decreases in their partner, probably due to the fact that opinion

changes were interpreted as the participant holding unreliable opinions.

Experiment 4 seemed to show that simply changing the dynamics by which two

individuals share the same amount of information affects the final state of the dyad

(described by each member’s opinion). Experiment 5 was run with the goal of repli-

cating the main results found in Experiment 4 and disprove competing explanations

of the same. One of the alternative hypotheses was that participants escalated their

confidence simply because they did not remember their initial opinion. Experiment

5 thus added an interactive condition where the original opinion of the participant

was presented along with their current opinion and current partner’s opinion. Results

showed that the addition of an initial opinion reminder did not affect the overall effect

of the interactive condition, thus rejecting the memory failure hypothesis.
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Another alternative explanation for the interactive effects was that participants

showed escalating updates because they tended to forget the initial opinion of their

partner and used their partner’s current confidence instead. Using a similar logic

to Experiment 5, Experiment 6 tried to disprove this hypothesis by introducing an

interactive condition where participants were reminded about the initial opinion of

their partner. It compared such condition with the original interactive condition (Ex-

periment 4-5) and the memory condition with reminder of one’s own initial opinion

(Experiment 5). Results showed that the overall behavioural pattern was not affected

by the introduction of opinion reminders although the presence of the partner’s opin-

ion reminder seemed to make this opinion more salient and thus influential. Given

that the major interactive effects (e.g., confidence changes coupling, enhanced agree-

ment, irrational changes asymmetry etc.) replicated in all conditions and differences

among conditions were rare in all analyses considered, the memory hypotheses (either

related to the self or to the partner) could not be accepted.

What you tell me is not what I hear

In Experiments 4-6, participants’ most common behaviour was to not update con-

fidence at all. Even when participants did update their confidence, on a small but

consistent amount of trials their updates were irrational, increasing their confidence

after disagreement and decreasing it after agreement. A significant interaction be-

tween consensus and condition indicated that more irrational increases and fewer

irrational decreases were observed in Interactive than Non-Interactive trials. Inter-

estingly, irrational changes were asymmetrical for agreement and disagreement, so

that increases after disagreement were more frequent, on average, than decreases af-

ter agreement, a phenomenon that cannot be easily explained by static aggregation

rules like averaging, summing or Bayesian integration (Bang et al., 2014; Larrick &

Soll, 2006; Pescetelli et al., 2016), but is predicted by a recursive update model.
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Social information seemed to be discounted by participants, who thus showed an

egocentric bias (Yaniv & Kleinberger, 2000), whereby one’s own opinion is weighted

more than somebody else’s opinion. Average weights on partners’ opinions were

around 0.50-0.60, meaning that partners’ opinions were weighted about half of the

partner’s actual stated judgments. The effects were however modulated by domi-

nance, condition and consensus. The effect of consensus indicated that participants

also showed a confirmation bias (Nickerson, 1998), whereby partners’ opinions were

discounted more by the participant if they were against the participant’s original

opinion and discounted less if they supported it.

The fact that both members of a same dyad provided confidence judgments both

before and after exchanging social information, allowed me to compare the objective

social evidence supporting a participant’s judgment provided by their partner and

its effect on the participant’s opinion, thus effectively quantifying social information

perception. Such comparison suggested that social information was categorised by

participants into either highly supportive of their own initial opinion or neutral. Such

was the case even though objective social information was uniformly spread across

the whole range (from confident disagreement to confident agreement). An intriguing

idea is that participants are not simply using social information as it is communicated

by their partners but are actively trying to infer the state of their partners (partner

is correct vs. partner is wrong). On each trial, once this categorisation is performed,

participants act accordingly, either ignoring advice when they think advice is wrong

or completely following the advice when they think it is correct. Consequently, this

active inference process allows to transform uncertain supporting evidence (e.g., un-

certain agreement) so to maximise the impact of social information on one’s own

judgment.
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Confidence reflects relevant and irrelevant cues

In accordance with an active inference hypothesis, Experiments 4-6 showed that par-

ticipants’ evolving confidence in their choice during interaction was influenced by how

much their partners were updating confidence themselves. These results suggest that,

instead of limiting themselves to task-relevant information, participants might have

used all cues that were available to them to infer their partners’ likelihood of being

correct.

Given the evolutionary pressure to quickly gather information in situations of un-

certainty, it makes sense that the human cognitive architecture has adapted to use all

available information to make an inference (e.g., is my partner likely to give a correct

response?). This strategy allows to quickly reach decisions even when information

is scarcely available by taking into account a host of circumstantial variables that

are known to co-vary with problem-specific evidence, but that are not themselves

strictly task-relevant (Gigerenzer et al., 1991; Gigerenzer & Todd, 1999; Hertwig &

Gigerenzer, 1999).

Interpreting someone’s changes of mind as another cue for confidence is sensible

in many daily life situations. Indeed, if somebody’s beliefs are fickle we have reasons

to believe s/he must be uncertain. In the case of social interaction however this leads

to unwanted self-reinforcing dynamics as one person is using the impact that his/her

own opinion is having on the other person as evidence for the opinion itself.

Imagine as an example two lovers Narcissus and Echo1 who disagree on a binary

decision (get married or not?). Narcissus strongly wants to get married and manages

to convince poor Echo. Echo’s change of mind should not be taken by Narcissus as

evidence for the quality of his choice because this would fail to take into account the

fact that Narcissus himself convinced Echo to change her mind. The Narcissus-Echo

1From the myth told in Ovid’s Metamorphoses: The nymph Echo manages to make her feelings
known to the self-absorbed Narcissus by repeating his last words. The story ends with a love rejection
and a suicide to remind us of the disadvantages of interpreting information originating from ourselves
as evidence of our good skills.
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effect does not take into account the correlations in the sources of error emerging when

adopting the fickle-belief heuristic to cases involving the self. Although the strategy

of interpreting unstable opinions as a proxy to infer probability correct seems to be

adaptive in many situations (e.g. when judging others’ changes of mind originating

from others’ opinions), it has the risk of leading to over-confident errors when applied

to interactions involving the self, particularly if members are uncalibrated (Echo

changes her mind but Narcissus had made a poor judgment).

Once again, we find that participants assumed independence between their part-

ner’s confidence (and change thereof) and their own judgments, an assumption that

in the case of interactive conditions was wrong. Nevertheless, as evidenced by Ex-

periments 4-6 results on accuracy, the positives of incorporating task-relevant and

irrelevant cues seem to outweigh the downsides making the strategy overall success-

ful. Arguably, negative effects of interaction on performance would be likely observed

if, as in Experiments 2-3, participants’ initial judgments were not independent (e.g.,

Pescetelli et al., 2016). The Narcissus-Echo effect can be ascribed to one of sev-

eral heuristics that allow humans to navigate a complex world with minimal effort,

by computing good-enough solutions to otherwise intractable and computationally

demanding problems (Gigerenzer & Brighton, 2009).

Confidence alignment

A serendipitous result of Experiment 4 was the observation of confidence alignment

among members of the same dyad. Two participants’ pre-social information confi-

dence distributions were more similar to each other if the two belonged to the same

dyad than to different dyads. In joint decision making tasks, confidence is used to

arbitrate disagreement in a near-optimal manner (Bahrami et al., 2010), but a coor-

dination problem arises when group members vary in their confidence trait (Barber

& Odean, 2001; Broihanne et al., 2014; Campbell et al., 2004; Huq et al., 1988; Mann,

1998), confidence calibration (Song et al., 2011), and task sensitivity (Bahrami et al.,
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2012b). The coordination problem arises from using members’ expressed confidence

to select the judgment, on a given trial, with the highest probability correct (Bang,

Aitchison, et al., 2017; Bang, Summerfield, & Lau, 2017). Confidence alignment and

equality bias (Mahmoodi et al., 2015) are simple heuristics that solve with mini-

mal computation this coordination problem through convergence to a social norm

(Schelling, 1980). By aligning their confidence distributions, participants can reduce

the negative impact of task-irrelevant variance in their confidence judgments (trait

confidence (Ais et al., 2016)) while maintaining task-relevant variability (state confi-

dence).

The observation of confidence alignment in our participants was replicated in

Experiments 5-6 (Appendix C) and further explored in Experiment 7. Experiment 7

tested alternative explanations for the confidence alignment phenomenon. Confidence

alignment was suggested to be due to pre-existing similarities (similarity hypothesis),

anchoring effects (anchor hypothesis), or strategic communication (interaction hy-

pothesis). The study was designed to disentangle these explanations. Results showed

that confidence distribution were misaligned before interaction took place and rapidly

aligned after participants got to know each other’s distributions. It was concluded

that social interaction caused confidence alignment and that alignment was strategic

for the dyad to achieve greater accuracy.

Results of Experiment 7 further showed that alignment benefits dyads, so that

if individuals had not aligned their accuracy would have been significantly lower, as

implied by our analysis. Furthermore, there was a numerical trend in the direction

of greater accuracy benefits for dyads whose participants were more aligned from the

start of the experiment. Accuracy benefits due to confidence alignment were likely

observed because our participants were matched in terms of average accuracy. Pre-

sumably, alignment when dyad members have different task sensitivities (Bahrami et

al., 2012b) or different confidence calibrations (Pescetelli et al., 2016) would negatively

impact accuracy.
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Asking for advice: when my information is not enough

Findings from Experiment 4-6 showed that participants often did not use the advice

they received from their partners. Interestingly advice use was not dependent on the

initial uncertainty of the participant. A Bayesian observer would show larger updates

for smaller prior confidence levels, but this is not what was observed in the data. What

was instead seen is that (1) the probability of ignoring advice was roughly equal across

levels of prior confidence and (2) advice influence for low prior confidence levels was

smaller than predicted by a normative account. An on-going undergraduate project

in the lab (Hauperich, Pescetelli, & Yeung, 2017) investigated whether different levels

of task difficulty and prior confidence impacted the probability for requesting advice

and the impact that the advice had on the initial opinion. Results show that difficulty

did not affect the two dependent variables but subjective confidence did. Participants

were more prone to ask for advice when their initial confidence was low but they also

showed, in the same trials, confidence changes that were smaller than expected by a

normative account. A possible interpretation of the phenomenon is that participants

attribute the same bias to others, so that when they are unsure about their own

decision they expect also others to be uncertain. This can make sense in a world where

people share similar perceptual system’s capacity and a difficult trial is perceived as

difficult by whichever observer.

To some extent, this conclusion is at odds with the findings highlighted in the

previous paragraphs suggesting that people tend to wrongly think others’ judgments

are independent from their own (independence attribution error). When it comes

to listening to advice, however, people seem to show a halo effect whereby their own

uncertainty is attributed to others (non-independence attribution error). Future work

should address these apparently opposite results and find an overarching principle that

might underlie both effects.

An alternative and perhaps more parsimonious hypothesis is that different costs

are associated with errors due to one’s own judgment and errors due to other people’s
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judgments. Low confidence trials are by definition trials that are closer to the decision

boundary where confidence changes are more likely to turn into changes of mind

(i.e. changing interval). The regret coming from erring after following someone

else’s opinion might be greater than the regret coming from erring due to one’s own

mistake. People have been shown to make decision that are consistent with a regret-

minimising strategy (Coricelli et al., 2005). This asymmetry in costs associated with

own and others’ errors can potentially explain why confidence changes characterised

by high uncertainty are found to be smaller than confidence changes characterised by

intermediate confidence.

Future directions

Interacting with dynamic models: bridging the two lines

Experiments 4-7 showed how the manipulation of the modalities information is com-

municated among social partners can affect participants’ behaviour. The researcher

interested in social phenomena however might feel uncomfortable with the daunting

task of abandoning fully controlled paradigms to embrace tasks in which uncontrol-

lable participants interact within controlled environments. This must not necessarily

be the case. I am currently trying to bridge the gap existing between the two se-

ries of experiments presented in this work using a method developed in the study of

visuo-motor imitation, called Human Dynamic Clamp. This method entails a human

participant interacting in real-time with a model of human behaviour characterised

by several well-defined parameters. The Human Dynamic Clamp paradigm was in-

troduced by Dumas et al. (2014) inspired by the dynamic clamp paradigm used in

cellular biology. In its biological counterpart, a living cell membrane potential is

measured and fed into a model of the membrane synaptic conductance. The model

can compute in real-time the current that has to be inserted back to the living cell.

This model-cell pairing allows to study the behaviour of the cell as if the cell con-

tained the synaptic conductance modelled with the dynamic clamp. Dumas et al.
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(2014) reused this idea by pairing well-established models of hand imitation with

a human counterpart, to test whether the dynamics observed in the model-human

dyad could reproduce the dynamics observed in human-human dyads, thus validat-

ing the model. The model controlled a visual screen output representing individual

hand frames that were manipulated by the model in real-time giving the impression

of natural movement. The human participant on the other hand controlled a physi-

cal handle that recorded hand position and velocity, and fed this information to the

model. Manipulation of different model parameters allowed the authors to reproduce

a wide range of behaviours observed with real participants, including stable dynam-

ics, in-phase/anti-phase switching and unstable dynamics. Interestingly participants

reported perceiving agency and intentionality in their virtual partner.

Inspired by this paradigm, I tried to implement a simpler version of it using the

interactive dot and confidence update paradigm. Details of methods and results are

reported in the Appendix E. A short summary is provided below. The study, although

not bringing any ground-breaking result to the present work, aims to be a proof of

concept that such human-model pairings can provide insightful suggestions to theory

and new experimental questions.

Methods. 20 participants (age=26.6±4.29; 12 females) were recorded during the

poster session of a local conference on a volunteer basis. Participants received choco-

late bars for compensation. Participants completed 200 trials of the dot-count task

in one of two conditions. In the Self condition, participants rated their confidence

in their decision with similar modalities as in Experiment 4-7, and were asked to

update their confidence continuously for a 2 seconds after the first response was

confirmed. This condition served as baseline to monitor post-decisional processes

naturally arising after a decision (Pleskac & Busemeyer, 2010). In the Other con-

dition, participants were also asked to continuously update their initially expressed

confidence during 2 second update window, but this time they were paired with a
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dynamic model imitating continuous human confidence updates. Participants were

told to collaborate with the model if they thought this would help their performance.

Crucially, the model provided no information to the participant (thus task-relevant

information was matched to the Self condition), as its confidence ratings were sam-

pled from a Gaussian noise distribution - with variable standard deviations across

participants - centred on the participant’s current confidence in agreement trials and

on the participants current confidence minus 50 confidence points in disagreement

trials. Participants received feedback on every trial so that they could figure out

that the model was uninformative. The experiment aimed at showing whether the

addition of a uninformative dynamic social component to the confidence update task

was enough to generate some of the non-linear dynamics observed in human-human

dyads, like for example confidence escalation.

Results. Full results of the experiment are reported in Appendix E. Confidence

increased marginally more in the Other condition than in the Self condition (p =

.06). Median participants’ confidence change during Other condition was plotted

along the opinion surface. Participants seemed to resist confidence change when their

opinion was dominant (Figure E.4, Appendix E), but this was not the case when

they were dominated (Figure 8.1). Figure 8.1 shows that greater confidence updates

were observed in trials characterised by weak agreement (point x on the graph) and

unbalanced disagreement (point y on the graph). Notice that the same regions of

interest are observed in Experiments 4-7. Confidence changes in the Other condition

over the 2-second update window were also characterised by greater recursivity as

defined in Experiment 4 (t(19) = 2.15, p = .04, d = 0.42), indicating that interacting

with a dynamic model generated significantly more updates.
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Figure 8.1: Median participants’ confidence change in opinion space observed in the
Other condition. The plot shows only trials when the participant held the dominated
view (model on x-axis, participant on y-axis). Here, agreement led participants to
increase their initial confidence and in disagreement to reduce it (or change their
mind). Subscript ic indicate “initial confidence”.

Analysis of performance was then carried out to test whether being part of a

dynamic dyad affected performance when compared to situations characterised by

non-social dynamic updates (Other vs. Self). Participants could update their initial

opinion in both conditions, allowing me to distinguish performance improvements that

could be expected by simple regression to the mean or post-decisional processes from

performance improvements that were due to the experimental manipulation. Both

first and second order performance measures were considered. First order performance

change was measured by the difference between post-update and pre-update decision

accuracy (positive values indicating improvements). Second order performance (i.e.

confidence calibration) was evaluated by subtracting the area under the type II ROC

curve at pre-update time (Apre
ROC) from the area at post-update time (Apost

ROC). Positive

values indicate improvements in metacognitive evaluation.
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Figure 8.2 shows the average participants’ performance change in first and sec-

ond order task and divided by condition. In the Self condition, neither judgment

accuracy or confidence calibration differed from zero (i.e. no change from pre-update

phase) (p > .18, BH[0,.05] < .48). When participants were paired with the noise

model however, judgment accuracy decreased metacognitive accuracy increased. In

the Other condition, accuracy was significantly lower (t(19) = −2.24, p = .03, d =

−0.50, BH[0,.05] = 3.62) and calibration significantly higher (t(19) = 2.85, p = .01, d =

0.63, BH[0,.05] = 13.81) than zero, indicating that accuracy decreased but calibration

increased. The dissociation between accuracy and calibration is an interesting one

given that these measures usually correlate (Fleming & Lau, 2014). The effect is

probably due to changes of mind happening in low confidence correct trials. Changes

of mind in these trials (point y on the surface plot) had the likely effect of turning into

low confidence incorrect trials, thus explaining the decrease in accuracy and increase

in calibration.

Figure 8.2: Dissociation between changes in first and second order performance, ob-
served when participants were paired with the noise dynamic model.

Relevance. This pilot experiment showed that even a simple algorithm modelling

the behaviour of an uninformative interactive agent can affect the human counter-

part producing patterns of confidence changes that are characteristic of human-human
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dyads (Experiments 4-7) - namely larger confidence shifts when participants’ indepen-

dent judgment started from middle portions of the confidence scale (e.g., confidence

levels of 20-30). Contrary to what a Bayesian norm would prescribe, but similarly to

what already observed in Expeirments 4-7, confidence changes were smaller when the

participant’s independent judgment was very unsure (e.g., confidence levels of 0-20).

Interesting effects can be produced even in these simple situations, as shown by the

opposite effects on accuracy and confidence calibration (Fleming & Lau, 2014). A

simple manipulation, namely being coupled with a Gaussian noise model mirroring

one’s own decision, dissociates changes observed in the two measures.

Being aware of fundamental limitations of this simple design and that the findings

were possibly due to the specific contingencies of the model used, I do not claim

that the experiment introduced a radical new result. The experiment however wants

to be proof of concept that it is possible to overcome the trade-off between control

and generalisability when studying social interactions. It is further argued that the

trade-off itself is not a real limitation for researchers but actually a space of viable

investigations offering unexplored research avenues.

Rethinking the social landscape. A useful framework for future research in so-

cial interaction is to picture it as a continuum spanning several dimensions (Figure

8.3). On the one hand, dyads and groups can span the whole range from being com-

posed of all humans (e.g. naturalistic interaction, observational studies, etc.) to all

machines (e.g. simulation studies, agent-based models, etc.). On the other hand,

social exchange can vary along the dimension of the directionality of the informa-

tion flow. In one-directional paradigms information is transferred from a sender to

a receiver who then decides how to aggregate it with personal believes (e.g. judge-

adviser systems). In bi-directional studies on the contrary information is bidirec-

tionally shared among two or more individuals (e.g. Experiment 4-8, interactive

conditions). A further dimension can be added characterising the dynamics of the
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social exchange which can range from being a one-step process where initial esti-

mates are aggregated only once (stationary opinion aggregation studies (e.g., Migdal

et al., 2012), advice-revise paradigms, judge-adviser systems, etc.) to a recursive pro-

cess where information is actively transformed over time until dyads/groups reach an

equilibrium state (Experiments 4-8).

Given the full spectrum of possible designs that the researcher interested in social

questions can explore, it seems clear that conclusions can be reached only from the

coordinated convergence of results from different paradigms. Furthermore, although

here we investigated these questions using a belief update paradigm, it should be

noted that similar principles could in principle be applied to different social research

questions. Research on emotional contagion, collective dynamics, motor imitation,

theory of mind and moral decision-making could all benefit from adopting this wider

perspective.

Figure 8.3: The figure shows the space of possible investigation in cognitive social
sciences and a non-exhaustive list of paradigms in their relative locations.



8.3 Future directions 257

Larger, bigger, greater

One of the most pressing questions originating from the findings of the present work

is how the results might scale up when considering larger group sizes and how they

expand to different problem spaces. In previous chapters, the idea that preference

for bias-sharing and agreeing advisers can generate echo-chambers in social networks

with no access to feedback has been put forward. Agent-based models, Human Dy-

namic Clamp methods and social network analysis offer three complementary levels of

investigation where this hypothesis can be put to test. Existing results from Navajas

et al. (2017) suggest that hierarchical deliberation and integration of opinions might

not suffer from the same biases that affect interactions at the local scale. The authors

asked a live crowd to respond to general knowledge questions individually and then

to discuss their views in small groups to reach a consensus. Consensus estimates were

less biased and more diverse compared to a uniform aggregation of the independent

opinions (cf. Lorenz et al., 2011). Consequently, averaging post-deliberation estimates

was a better strategy than aggregating individuals views, indicating benefits of argu-

mentative aggregation strategies (Mercier & Sperber, 2011). Hierarchical integration

in tasks where the popular opinion is often incorrect has still to be assessed (Koriat,

2012b; Krause et al., 2010; Migdal et al., 2012).

At the same time, these effects should be investigated in different problem do-

mains. Future studies should address whether similar biases are found when partici-

pants are engaging with problems involving more than two options, multiple decision

dimensions, value-based decisions and non-perceptual tasks. There are reasons to

believe that similar phenomena might be found. Phenomena of social influence and

imitative behaviour are observed in several non-perceptual domains and multidimen-

sional problem spaces (Mason & Watts, 2012). Furthermore, earlier studies on group

polarisation (Myers & Lamm, 1976), attitude change (Festinger, 1954; Griffitt, 1969;

Simons, Berkowitz, & Moyer, 1970), hidden profile paradigm (Stasser & Titus, 2003)
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and groupthink (Janis, 1972) seem all to suggest that preference for agreeing opinions

is a widely observed phenomenon. These questions are theoretically interesting and

allow us to define the conditions under which these cognitive biases are more likely

to be consequential. In these cases, the definition of agreement and inter-subject

confidence co-variation is harder to define compared to simpler cases of perceptual

binary judgment, but recent work from Gershman, Pouncy, and Gweon (2017) pro-

vides an elegant general framework describing how humans can infer structures of

similarity among observed others. The authors use a probabilistic approach and sim-

ple assumptions about groups to model the behaviour of a rational agent inferring

the group membership of observed decision makers from their choice patterns. The

model infers the posterior distribution over latent group assignments, which is shown

to produce similar patterns to what observed in real participants. This work offers a

formal solution, grounded in computational theories of structure learning (Gershman

& Niv, 2010), that can be flexibly adapted to several domains.

Alternative hypotheses for the interactive effect

Results of the second line of experiments showed robust effects that real-time inter-

action has on opinion change. The interpretation that was offered to explain the

difference with non-interactive conditions was that interaction produced different dy-

namics between participants due to the recursive nature of the social exchange (the

dynamics hypothesis).

Results from the mixed-effects model however might be indicative of an alterna-

tive explanation. The regression analysis showed that, in the interactive condition,

participants’ confidence updating behaviour was modulated by their partner’s up-

dates. According to this alternative interpretation (the heuristic hypothesis) making

participants aware of their partner’s updates in the interactive condition might have

offered them an indirect indicator of the partner’s true underlying confidence (as dis-

cussed above) over and beyond the presence of recursive processes. In other words,
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interactive and non-interactive conditions did not differ only in the dynamics of the

information exchange (one was recursive the other was not), but also because inter-

active conditions simply offered participants more information about their partners.

Future experiments should address this issue by introducing a non-interactive

condition in which participants are informed (through a static prompt) also about

their partner final confidence (Non-Interactive+). This condition introduces the same

knowledge about the partner’s update magnitude that the heuristic hypothesis sup-

poses is producing differences between interaction and non-interaction. A heuristic

hypothesis would predict that such condition should be equal to the interactive one as

in both participants are informed about their partner’s original opinion and update

magnitude. A dynamic hypothesis on the contrary would predict that the Non-

Interactive+ condition should be equal to the non-interactive condition because they

both lack recursive communication.

Using tailored dynamic tutors

One of the most exciting avenues of investigation regards the applicability of adap-

tive dynamic models of human interaction to improve people’s metacognitive skills,

calibration and judgment accuracy. It has long been known that by interacting with

others we can improve our judgments and reduce our biases (Surowiecki, 2004). How-

ever it is often difficult to control for the precise environmental conditions where good

interaction can take place. Results have been often found in opposite directions to

the point that group decision-making has been said to deserve the Dr. Jekyll and Mr.

Hyde Award for psychology (Hertwig, 2012). The idea of a Human Dynamic Clamp

methodology paired with the knowledge of the mechanisms behind opinion change

in the presence of others allow to create personalised virtual tutors tailored to the

behavioural profiles of people with the aim of improving their judgments by means of

interaction. For example, the alignment effect could be used to appropriately mod-

ify uncalibrated people’s confidence distributions. An ongoing undergraduate project
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(Van den Broeck et al., 2017, in preparation) is exploring this possibility by pairing

participants with virtual tutors who show complementary confidence distributions so

that over-confident participants are matched with under-confident tutors and vice

versa. The expectation is that the tendency to align with the tutor will improve par-

ticipants’ calibration profile. Questions remain, however, whether alignment affects

people’s true underlying metacognitive ability or simply their mapping function from

internal states to response scale. Results of Experiment 7 showed that once departed

from each other partners’ confidence alignment decreased, suggesting that perhaps

the effects are transitory.

Similarly, virtual tutors could be tailored to the participants in terms of opinion

distance. We showed that advice is often declined or ignored. Previous studies

have shown that others’ opinions must be in a certain range of distance from the

participant’s to be taken into account (Moussäıd, Kämmer, Analytis, & Neth, 2013;

Schultze, Rakotoarisoa, & Schulz-Hardt, 2015). Tailored dynamic tutors can then

be used to make people’s opinions more malleable by presenting humans with advice

that is more likely to affect them and dynamically adjusting this over time.

Non-linear dynamics among partners in the escalation of confidence can thus be

used to arbitrarily shift people opinions depending on expected probabilities com-

puted by appropriately chosen models. This route offers the opportunity to enhance

human judgments with the knowledge of normative and statistical models with ac-

cess to different information sets. The increasingly widespread use of social-bot on

online platforms (Guilbeault, 2016) can thus be virtuously used to improve individual

judgment. Traditionally (Minsky, 1961), effort in machine learning and artificial in-

telligence has focused on surpassing human performance (Mnih et al., 2015; D. Silver

et al., 2016). The use of tailored dynamic tutors would instead place itself along

the different tradition of human-machine symbiosis (Licklider, 1960; Roy, 2004), ex-

ploiting uniquely-human and uniquely-machine capabilities. People’s perception of
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human and artificial advisers is however different even when controlling for informa-

tion and accuracy (Boorman et al., 2013; Dietvorst et al., 2015). Any application

of tailored dynamic tutors should thus take these effects into account. In this way,

the work presented in this thesis presents new avenues for improving individual de-

cisions with observations from multiple observers (virtual and/or human) and how

judgments should be shared and integrated across agents.

Conclusion

This Chapter concludes my work for this doctorate degree, integrating the findings of

my experiments conducted with one core question in mind: How do internal metacog-

nitive states inform and guide our behaviour in the exploration of our social world?

We knew that confidence is intertwined with our daily decisions and the way we learn

from them. Given our limited cognition, metacognitive signals offer useful measures

that allow us to navigate an uncertain world, telling us when to seek for more in-

formation and when uncertain outcomes are more likely to happen. We discovered

here that confidence is also entangled with our social world, in which other cognitive

agents are also embarking into an inference process about unknown external states.

Our confidence - whether stated or perceived - gives to others some knowledge about

ourselves and gives to ourselves knowledge about our mind. This work demonstrates

how, thanks to confidence, we can collectively succeed and warned about how, thanks

to confidence, we can collectively fail.

Many studies have been presented but many more could and should be done if we

want to exhaustively answer the questions posed here. It is my hope that this work

gave the reader a brief but insightful peek into a complex and fascinating landscape

that we are only starting to understand.
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Appendix A

A reinforcement learning model in the
absence of feedback

One of the questions that motivated the present work was how can people learn

about the reliability of their advisers, when objective feedback is not available. The

questions is challenging because most current models of learning, like the delta-rule,

are based on a outcome signal (e.g., feedback or reward) that is missing in feedback-

free scenarios. Although the model presented in Chapter 3 provides a useful working

example of how this could be achieved through subjective trial-level confidence, I felt

the need to explore how a reinforcement learning rule could also integrate a confidence

signal and what performance in our task could be expected by such model.

The classic delta rule is a gradient descent rule that updates current expected

values (for example expected reward) proportionally to its error, namely the difference

between the observed outcome r (in our case the objective accuracy feedback ∈ {0,1})

and the expected outcome w (in our case the expected accuracy of the advice θ):

wt = wt−1 + α(r − wt−1) (A.1)

where α is the learning rate. Similarly to what done in the main text, three models

can be designed depending on feedback condition and metacognitive access. In the

feedback condition, r is the feedback participants receive on adviser’s performance

(AccuracyRL). In no-feedback condition, a model without metacognitive access can be
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designed by replacing the feedback signal r with agreement (ConsensusRL). Finally, in

feedback-free scenarios with metacognitive access, the equation can be re-adapted so

that instead of using the objective outcome r, the model uses the estimated probability

of the outcome r̂ - obtained from participants’ expressed confidence judgments - to

update expected accuracy separately for each advisor v:

wv
t = wv

t−1 + α(r̂ − wv
t−1) (A.2)

r̂ = pA¬p¬A (A.3)

where p is the participant’s confidence expressed as a probability judgment over

the outcome RIGHT, according to equation 3.10 in main text (with p + ¬p = 1). A

and ¬A assume values of 0 and 1 in disagreement and values 1 and 0 in agreement

respectively.

Experiment 3

I applied the model only to Experiment 3, given that this experiment was the one that

best discriminated between a consensus-based strategy and agreement-in-confidence

strategy. Also, given that the model has a free parameter α, the model was fit

only to participants in the relevant feedback group. The α parameter was fit to

each individual participant so to minimise the root mean squared residual between

empirical confidence updates and predicted confidence update. As shown in Figure

A.1, the AccuracyRL model did not show any effect of adviser on average expected

adviser reliability w (F (2, 48) = 1.16, p = .32, η2
G = .005). The ConsensusRL model

did not show any effect of adviser either (F < 1). A ConfidenceRL model, on the

contrary, showed a marginal effect of adviser (F (2, 44) = 3.15, p = .05, η2
G = .03).

The bias-sharing adviser was significantly trusted more by the model compared to

the anti-bias adviser (t(22) = 2.18, p = .04, d = 0.43), but not compared to the
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unbiased adviser (t(22) = 1.02, p = .31, d = 0.19). A marginal difference also existed

between the unbiased and anti-bias adviser (t(22) = 1.76, p = .09, d = 0.31). Figure

A.1 shows w values (corresponding to θ values in the main model), representing the

model average expected adviser reliability. Mean fitted α for the ConfidenceRL model

was 0.05± 0.15.
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Figure A.1: Reinforcement learning model adapted to each feedback condition.



Appendix B

Analysis of reaction times during
social exchange

Experiments 4-7 showed that interactive conditions significantly alter the indepen-

dence of members’ judgments, making confidence change magnitudes positively corre-

lated in agreement and negatively correlated in disagreement. Results suggested that

participants were interpreting the magnitude of their partners’ updates as another

indicator of their partner’s confidence. Another possibility, however, is that in the

Interactive condition participants interpreted their partner’s speed to react as a cue

for uncertainty. In other words, the more quickly participants were willing to opinion

(i.e., move their own cursor), the more uncertain they would have been perceived by

their partners. The following analysis was done to control for this “speed to respond”

explanation.

Experiment 4

Due to the fixed time allocated to the social part, a direct measure of reaction times

was not available. To test for this hypothesis we fitted a sigmoid curve to each trial’s

confidence time series, namely each member’s cursor’s positions over the five seconds

each social exchange lasted. Slope φ and offset λ along the time axis were free pa-

rameters to be estimated on each trial. The offset parameter λ was used as a proxy

for reaction times and entered into an ANOVA with factors dominance (more con-

fident vs. less confident), condition and consensus (agreement vs. disagreement).
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Results showed a significant effect for all main effects (F (1, 47) > 7.25, p < .009) and

a significant interaction between dominance and consensus (F (1, 47) = 4.98, p = .03).

Pairwise comparisons showed that members who started off less confident than their

partners were slower in updating their cursor (t(47) = 7.91, p < .001), making the

hypothesis that cursor’s stickiness was interpreted as a cue for confidence implau-

sible. Furthermore, estimated reaction times λ were slower in the Interactive than

Non-Interactive condition (t(47) = 2.69, p = .009) and faster in agreement than in

disagreement (t(47) = −7.71, p < .001), indicating that, if anything, longer reaction

times were associated with more uncertainty (Patel, Fleming, & Kilner, 2012).

Experiment 5

Fitted λ values were entered into a three-way repeated measures ANOVA with fac-

tors opinion dominance, condition and consensus. Results show a significant effect

for dominance (F (1, 47) = 6.59, p = .01, η2
G = .006), pointing out that the dominated

individual showed significantly greater reaction times than the dominant individual

(t(47) = 2.56, p = .01). Disagreement trials showed significantly greater update times

than agreement trials (F (1, 47) = 10.18, p = .002, η2
G = .03). A significant effect

of condition was found (F (2, 94) = 4.36, p = .01, η2
G = .002) suggesting different

conditions produced different confidence update times. Pairwise tests among condi-

tions showed that the Interactive condition had significantly longer reaction times

than the Non-Interactive condition (t(47) = 2.48, p = .01), and compared to the

Interactiveself condition (t(47) = 2.66, p = .01). No difference was found between the

Interactiveself and Non-Interactive conditions. Thus the effect of adding a reminder

to the Interactive condition was to reduce the confidence update times found in this

condition. Finally a significant interaction was found between condition and consen-

sus (F (2, 94) = 6.16, p = .003, η2
G = .002). Pairwise comparisons showed that the

difference in reaction times between disagreement and agreement trials was signifi-

cantly greater in the Non-Interactive condition than in either the Interactive condition



B.0 291

(t(47) = 2.03, p = .04) and Interactive-plus-anchor condition (t(47) = 3.80, p < .001).

No difference was found between interactive conditions (p > .1).

Experiment 6

A three-way ANOVA on fitted λ values showed a marginal effect of dominance

(F (1, 47) = 3.18, p = .08, η2
G = .003), a significant effect of consensus (F (1, 47) =

28.23, p < .001, η2
G = .04) but no effect of condition (F < 1). Furthermore no signifi-

cant two-way interaction was found (all F < 1) and no significant three-way interac-

tion (F < 1). Further comparisons showed that also for this study members holding

the dominant opinion were faster in updating their confidence in the social part (al-

though here not significantly), suggesting that the speed of the update was unlikely to

be used as an indicator of uncertainty. Agreement trials showed significantly smaller

reaction times (t(47) = 5.31, p < .001), again showing that fast reaction times were

more indicative of low uncertainty than high uncertainty. In conclusion interpreting

the sluggishness of the partner’s update as a sign of their confidence does not seem

to be a likely strategy adopted by participants, given that more confident opinions

also generated faster updates.





Appendix C

Confidence alignment

Experiment 5

A bootstrap analysis was performed on the data by randomly pairing participants into

nominal dyads and computing the Pearson’s correlation coefficient of the distribution

means between two dyad members. The random pairing procedure was repeated

1000 times and then compared against the Pearson’s correlation coefficient between

distribution means observed in empirical dyads. The same procedure was repeated for

the correlation between distribution standard deviations. The empirical correlation

coefficients for both means and standard deviations were in the 99.9 percentile of

the distribution observed in nominal dyads, suggesting that the observed correlation

coefficients were significantly higher than what should be expected by chance.

To control that the high correlation coefficients observed were not driven by trial-

level features observed by members of a same dyad the bootstrap procedure was

repeated with trial-level confidence ratings to test whether trial-level confidence rat-

ings were correlated. The results show that the correlation coefficient at the trial

level was less than one standard deviation away (z=0.90) from the mean correlation

coefficient that should be expected by chance. The result thus shows that alignment

could not be attributed to common characteristics of the stimuli observed by the same

dyad’s members.
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Finally a two-way ANOVA with factors decision type (pre-social information

vs post-social information) and condition on the Goodman-Kruskal gamma corre-

lation coefficient of trial-level accuracy was performed to test whether the alignment

observed in confidence distributions was due to the co-variation in trial-level ac-

curacy between same dyad members. Results show a significant effect of decision

(F (1, 23) = 90.93, p < .001, η2
G = .51) suggesting that members’ accuracy was more

correlated post-advice than pre-advice (M ± SDT: −0.06± 0.25 vs. 0.56± 0.31), but

no effect for condition (F < 1). No significant interaction was found between the two

main effects (F < 1).

Experiment 6

Empirical correlation coefficients between means of confidence distributions of dyad

members were in the 99.99 percentile indicating that observed correlation was way

larger than what should be expected by chance. A similar procedure was applied

to the standard deviations, indicating the 91 percentile compared to the distribu-

tion of correlation coefficients that should be expected by chance, suggesting that

participants aligned standard deviations to a less degree than mean confidences.

To test whether the alignment effect is driven by similar characteristics in the

stimuli observed by the two participants, correlation coefficients were computed be-

tween trial-level confidence ratings of the two members of a same dyad. Results for

correlation in trial-level confidence showed that coefficients were in the 84 percentile

compared to a chance distribution, well below what observed for average confidence.

The results thus corroborate the conclusions suggesting that confidence distributions

were more similar when belonging to participants of a same dyad than of different

dyads over and above what could be attributed to similarity in the visual setting.

Finally, a two-way ANOVA on gamma correlation coefficients of trial-level accu-

racy with factors decision type (pre-social information vs post-social information) and

condition showed significant effects for condition (F (2, 46) = 4.64, p = .01, η2
G = .03),
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decision type (F (1, 23) = 205.51, p < .001, η2
G = 0.65), but no significant interaction

term (F (2, 46) = 1.35, p = .26, η2
G = .003). Pairwise comparisons showed that none

of the conditions showed gamma coefficients significantly different from zero before

social information was exchanged (t(23) < 1.38, p > .17), suggesting that pre-advice

accuracy of the two members was not significantly correlated.





Appendix D

Social information perception analysis

Social information perception analysis was performed in opinion space to see where

differences between objective and perceived supporting evidence differed the most.

Experiment 4

Figure D.1 shows the difference between objective and perceived social evidence along

the opinion surface. Positive values (warmer colours) indicate that social information

is perceived and/or used as more in agreement with one’s own initial decision that

what objectively stated by one’s partner. Negative values (colder colours) indicate

that social information is perceived as more in opposition to one’s views than actually

stated by one’s partner. As expected on average there is a bias towards interpreting

social information in favour of one’s initial opinion, as shown by the extent of positive

areas. This effect is particularly true in disagreement and more so in dominated trials

than dominant trials. Notice the larger positive areas in weak dominant agreement

produced by interaction (top-right plot) compared to non-interaction (top-left plot).
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Figure D.1: Median difference between stated and perceived evidence in opinion
space.
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Experiment 5

Similarly, Figure D.2 shows the difference between objective and perceived social

evidence. No evident differences emerge among conditions.

Figure D.2: Median difference between stated and perceived evidence in opinion
space.

Experiment 6

Finally, Figure D.3 shows the difference between objective and perceived social evi-

dence in Experiment 6. No evident difference is present among conditions.
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Figure D.3: Median difference between stated and perceived evidence in opinion
space.



Appendix E

Experiment 8

Method

Participants. 20 participants (age=26.6±4.29; 12 females) were recorded during

the poster session of a local conference on a volunteer basis. Participants received

chocolate bars for compensation.

Paradigm. The experiment was composed of 200 trials. Each trial started with the

dot task already described previously, with identical presentation parameters. Diffi-

culty was titrated for each participant to reach a 70.7% accuracy in pre-interaction

decisions. After participants confirmed their response, the second part of the trial

started. The second part was a confidence update window which lasted 2 seconds,

during which participants were asked to track their confidence changes over time while

their cursor position along the x-axis was being recorded at a frequency of 5 Hz (11

data points per trial). Two conditions were randomly shuffled across trials. The Self

condition allowed participants to update their original confidence if thought to be ap-

propriate. No extra information nor advice was provided. This provided a reference

to control baseline improvements due to naturally occurring post-decisional processes

(Pleskac & Busemeyer, 2010). In the Other condition, the participant was paired with

a dynamic model that reproduced realistic cursor updates. The model’s expressed

confidence originated from random Gaussian noise added to the participant’s own
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judgments, thus did not provide any useful information. As neither condition pro-

vided extra task-relevant information conditions are not expected to differ according

to confidence, accuracy and calibration. The only variable that is manipulated is the

presence of another (uninformative) agent.

All participants received feedback at the end of every trial indicating the accuracy

of their final decision. Although participants could in principle used feedback to

realise that the model is uninformative and thus discarding its opinion, interaction

might create ripples of confidence escalation making participants more confident,

particularly in weak agreement trials. The Self and Other conditions were made

distinguishable to the participant by the presentation at the center of the screen of a

small picture of a famous robot1 indicating that the current trial was Other condition.

Model design. The dynamic model’s decision (LEFT vs RIGHT) on a given trial

was a priori determined to agree with the participant’s decision on 60% of the tri-

als, mimicking the nominal agreement rate of another equally accurate independent

participant. The model’s confidence level at the beginning of the social part was

determined by taking a target value randomly drawn from a Gaussian distribution

centred on a variable mean and fixed standard deviation. The mean of the distri-

bution was centred on the human current confidence in agreement trials and on half

scale away from it (i.e., 50 confidence points) in disagreement trials. For example,

if at a given time point the participant is expressing a confidence level of 30, the

model is most likely to have a confidence of 30 on agreement trials and -20 (20 on the

opposite interval) on disagreement trials. The standard deviation was varied across

participants by randomly selecting a value at the beginning of the experiment sam-

pled from a uniform distribution between 6 and 15. On every iteration of the internal

loop controlling the model’s behaviour, the model stayed on the target value with

90% probability and selected a different target value with 10% probability, using the

1Wall-E, Disney Pixar
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participant’s current position as its new reference mean. This ensured that if partici-

pants shifted their confidence, the model would tend to update its confidence too, but

without giving the sense of exactly mirroring participant’s behaviour. When a new

target value was selected, the model reached this target by continuously reducing the

distance between its current position and the target over successive loop iterations.

This algorithm allows a dynamic coupling whereby the model uses the current hu-

man confidence to probabilistically update its expressed confidence and the human

observes the model’s confidence update, which can in turn inform his/her judgment.

Unfortunately, due to a bug in the design introducing a leftwards bias in the

model’s confidence, disagreement trials where the participant started on the left hand

side of the scale (LEFT decision) had to be removed.

Results

Manipulation check. Figure E.1 shows the distribution of the model’s confidence

judgments relative to the participant’s momentary opinion and divided by consensus.

On agreement trials the model’s confidence distribution is centred on the participant’s

current expressed confidence (zero along the x-axis). In disagreement trials, on the

contrary, the distribution is centred on -50, corresponding to a decision on the other

half of the scale. The model thus provided no stimulus-relevant information to the

participant and simply mirrored the participant’s behaviour.
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Figure E.1: The distribution of model’s confidence in agreement and disagreement
trials, relative to the participant’s current confidence.

Confidence distributions. Figure E.2 shows the pre-advice confidence distribu-

tions characterising participants before the post-decisional phase begun. A two-way

ANOVA on average confidence with factors decision type (pre- versus post-update)

and condition (Self vs. Other) showed no significant effect of either factor (F < 1),

suggesting that participants’ average confidence was similar across conditions and

did not significantly change from pre- to post-decision time. A marginally signifi-

cant interaction (F (1, 19) = 3.89, p = .06, η2
G = .0005) provided preliminary evidence

that average confidence increased more from pre- to post-decisional time in the Other

condition rather than in the Self condition.
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Figure E.2: Pre-advice confidence distributions recorded for each participant.

Confidence change. To better understand the reasons behind such unexpected

dissociation, the distribution of human-model confidence distance in agreement and

disagreement were plotted over the two seconds update interval. An animated version

can be found at https://niccolopescetellidotcom.files.wordpress.com/2017/

04/hdc.gif. Figure E.3 shows only the last time point recorded, just before the

trial ended. It can be observed that part of the original mass of the disagreement

distribution (Figure E.1) has now moved towards the participant’s opinion (zero).

These are trials in which either the model or the participant changed their mind by

changing interval. Given the model’s design, once either the model or the participant

changed their mind, the model’s confidence distribution quickly gravitated towards

the participant’s current level of confidence.

https://niccolopescetellidotcom.files.wordpress.com/2017/04/hdc.gif
https://niccolopescetellidotcom.files.wordpress.com/2017/04/hdc.gif
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Figure E.3: The distribution of model’s confidence in agreement and disagreement
trials, relative to the participant’s current confidence after update has taken place.

A more informative analysis however would be to plot confidence change for

model and participants separately along the opinion surface. Figure E.4 shows

the confidence changes observed in the Other condition divided by trials in which

the participant was dominant (Sic on x-axis) and dominated (Sic on y-axis). Sub-

script ic indicates initial confidence. An real-time version of confidence change

in the two can be found at https://niccolopescetellidotcom.wordpress.com/

?page id=498&preview=true. The top-left and bottom-right graphs show the par-

ticipant’s confidence changes when the participant started from the dominant opin-

ion and the dominated opinion, respectively. Notice that color scales of participants’

updates (δS) and model’s updates (δM) have different ranges, indicating that par-

ticipants’ updates were on average smaller than the model’s. Although participants’

confidence was robust to change when the model’s opinion was dominated (top-left

graph), this was not the case when the model was dominant (bottom-right graph).

In particular, participants who started in a low-confidence disagreeing position (point

y) were more likely to change their mind towards the model’s opinion. These trials

are the ones to drive the dissociation observed between calibration improvements and

https://niccolopescetellidotcom.wordpress.com/?page_id=498&preview=true
https://niccolopescetellidotcom.wordpress.com/?page_id=498&preview=true
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accuracy decreases. Given that the participant’s accuracy was titrated to 70%, the

participant was more likely to be correct than wrong. Changes of mind in low confi-

dence correct trials had thus the effect of turning into low confidence incorrect trials,

thus explaining the decrease in accuracy and increase in calibration. Similarly, when

starting from low-confidence dominated agreement (point x) participants seemed to

increase their confidence. Similarly to Experiments 4-6, points x and y on the figure,

corresponding to uncertain agreement or disagreement respectively, are characterised

by the greatest confidence shifts in interactive social exchanges. These trials are also

the ones characterised by the greatest discrepancy between objective and perceived

social information as described in Experiments 4-6 using inverse Bayes. Thus, when

subjects are paired with an interactive agent with no task-relevant information, par-

ticipants’ behaviour seems to reproduce the sensitivity of these trials to biases and

distortions already observed in human-human dyads.
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Figure E.4: The figure above shows opinion space plots observed in the Other con-
dition. Although the participant’s confidence was quite resistant to change when the
participant started from a dominant opinion (top-left panel), this was not the case
when it was dominated by the model (bottom-right panel). In these trials agreement
led participants to increase their initial confidence and in disagreement to reduce it
(or change their mind). This behaviour can turn low confident correct trial into low
confidence error trials, explaining some of the findings reported above.
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