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Abstract

In many domains of life, business and management, numerous problems are addressed by

small groups of individuals engaged in face-to-face discussions. While research in social

psychology has a long history of studying the determinants of small group performances,

the internal dynamics that govern a group discussion are not yet well understood. Here,

we rely on computational methods based on network analyses and opinion dynamics to

describe how individuals influence each other during a group discussion. We consider the

situation in which a small group of three individuals engages in a discussion to solve an esti-

mation task. We propose a model describing how group members gradually influence each

other and revise their judgments over the course of the discussion. The main component of

the model is an influence network—a weighted, directed graph that determines the extent to

which individuals influence each other during the discussion. In simulations, we first study

the optimal structure of the influence network that yields the best group performances.

Then, we implement a social learning process by which individuals adapt to the past perfor-

mance of their peers, thereby affecting the structure of the influence network in the long run.

We explore the mechanisms underlying the emergence of efficient or maladaptive networks

and show that the influence network can converge towards the optimal one, but only when

individuals exhibit a social discounting bias by downgrading the relative performances of

their peers. Finally, we find a late-speaker effect, whereby individuals who speak later in the

discussion are perceived more positively in the long run and are thus more influential. The

numerous predictions of the model can serve as a basis for future experiments, and this

work opens research on small group discussion to computational social sciences.

Introduction

In many domains of life, complex problems can be successfully addressed by pooling the knowl-

edge of several individuals [1,2]. When making decisions, forming judgments, or solving multidi-

mensional problems, groups of people can outperform the best individual in the group, and

sometimes even the experts in the problem domain. In everyday life, this collective achievement is

commonly accomplished by means of face-to-face group discussions, during which the exchange

of information and ideas between people results in the emergence of accurate collective solutions
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[3]. Whereas research in social psychology has a long history in studying the performances of

small group discussions, more recent methods of computational social science are less often used

to address this issue [4–7]. In this context, the present article introduces a network approach to

study the internal dynamics that operate during a group discussion.

Given the omnipresence of group discussions in many areas of life, the factors impacting

the performances of a group discussion have been extensively studied in the past. Classical

research on group performance has highlighted numerous detrimental effects that can impair

the quality of the discussion [3]. For instance, the hidden profile effect refers to the situation

where group members fail to share important private information and tend to focus mostly on

the elements of information known by the majority of them [8,9]. Likewise, groupthink and

conformity are common issues that arise during discussions and occur when the group mem-

bers ignore important facts or unwillingly adopt the judgment of others to reach a non-conten-

tious collective consensus [10,11]. Also, group discussions can be subject to polarization

effects, in which the judgments of the individuals tend to become more extreme as a result of

social interactions [12,13]. Nevertheless, group discussions remain a powerful mean to aggre-

gate the ideas and judgments of several people. In controlled experimental settings, it has been

shown many times that groups can outperform single individuals in a wide variety of tasks,

such as for detecting lies [14], reconstructing noisy signals [15], establishing a medical diagno-

sis [16], and in a variety of binary-choice tasks [17].

Yet, the conditions under which a group would perform good or bad remain unclear. In a

recent series of experimental studies, Woolley et al. revealed the existence of a ‘collective intel-

ligence factor’ that is predictive of groups performance across a wide variety of tasks [1]. That

factor is not associated with the average skills of the individual group members. Rather, it

strongly correlates with the social sensitivity of the individuals, that is, their ability to listen

and integrate the arguments of the others, and to balance the speaking turns across all group

members. This suggests that one key aspect of group performance lies in the internal dynamics
that operate during the discussion, more than in the individual skills of the group members.

However, although the collective intelligence factor is a powerful indicator to anticipate the

group’s performance, it does not explain the underlying causal mechanisms leading to collec-

tive good or bad performances. In fact, the dynamics of the group discussion, that is, the pat-

tern of communication that takes place during the discussion and the social influences that

operate among group members is not yet well understood.

This dynamical aspect of collective intelligence has been deeply investigated in a different

domain. In the past decade, computational social scientists have begun to understand more pre-

cisely the dynamics driving judgment formation and social contagion in large populations of peo-

ple composed of hundreds of individuals connected in social networks [18–20]. Numerical

models have been proposed to describe how repeated interactions between a large number of indi-

viduals can possibly drive a population towards a consensual judgment, or on the contrary, polar-

ize the beliefs of the crowd [13,21–23]. These models generally rely on the assumption that agents

tend to revise their judgments by averaging their own and their neighbors’ judgments, gradually

converging towards a consensus. A similar averaging process has also been used in numerous

models of advice-taking in psychology, this time at the scale of a dyad [24,25]. Nevertheless, most

existing research of opinion dynamics has dealt with large social networks, often focusing on how

the network topology impacts the propagation of judgments. However, these methods have rarely

been applied to the case of face-to-face discussions, where the group size is small—typically three

to five individuals—and where all the individuals are interconnected in a full network.

In the present work, we aim at describing the internal dynamics that operate during group

discussions, using tools and concepts inherited from the network science and the computational

social sciences. For this, we describe the group as a small social network in which each group

Dynamical networks of influence in small group discussions
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member is represented by a node, and all the nodes are connected to one another by weighted

ties representing the extent to which individuals influence each other. In simulations, we show

that the structure of this influence network determines the performance of the group during a

group discussion. Importantly, we also assume that individuals can adapt the weight they assign

to their peers after observing their past performances: Good performers tend to become more

influential, and bad performers tend to lose influence in the group. Over time, the influence net-

work evolves and often converge to the optimal structure. Crucially, this only happens when

individuals exhibit a social discounting bias, that is, when people systematically downgrade the

relative performances of their peers. Finally, we show that the speaking order has significant

consequences on the emerging structure of the influence network, thus drawing links to the col-

lective intelligence factor. The surprisingly complex dynamics that emerge from our simple

model opens numerous experimental perspectives for future research.

Model

Discussion dynamics

Our model describes the process of group discussions, in which N individuals undertake an

estimation task collectively. Each individual i in the group has an initial estimate x0
i drawn

from a normal distribution with mean μ and standard deviation σ. The discussion is composed

of Nr speaking rounds across which the individuals progressively revise their initial estimate.

The estimate of the individual i at round r is noted xr
i . In each speaking round r, a randomly

selected individual speaks up and communicates her current estimate xr
i to all the others.

Every time an individual speaks up, all the other group members revise their current estimate

using a weighted average procedure (see, e.g., [13,24,25]. Formally, the revised estimate of the

individual j after the individual i has spoken up is given by

xr
j ¼ xr� 1

j þ wij ðx
r
i � xr� 1

j Þ:

In the above equation, the term wij represents the weight that the individual j assigns to the

speaker i. The weight is defined in the interval [0 1]. According to the above equation, a weight

wij = 0 indicates that j ignores the judgment of i, and a weight wij = 1 indicates that j fully

adopts the judgment of i. The speaker does not revise her estimate in round r, leading to

xr
i ¼ xr� 1

i . The same process repeats round after round, until the last round r = Nr.

The weights wij are not necessarily the same for all pairs of individuals and the weight wij is

not necessarily identical to wji. Hence, the N individuals are connected by an influence network,

that is, a weighted directed graph that determines how group members influence one another

during the discussion. The Fig 1 illustrates the dynamics of a group discussion for two differ-

ent influence networks.

The above equation of social influence has been experimentally confirmed and used in

numerous models of opinion dynamics (see, e.g. [12,13,21,23,25,26]). Note that, in principle,

the weight factors wij do not need to be bounded to the interval [0 1]. Weights higher than 1 or

lower than 0 could represent more extreme social influence phenomena, such as social repul-

sion (wij < 0) or over-adoption (wij > 1)—which have potential to generate group polarization

[27]. Nevertheless, we choose to restrict ourselves to weights varying in the interval [0 1] in the

present study for simplifying the traceability of the simulation results. Another simplification

of our model is that, in contrast to other formalizations [28], the weights are associated with a

given person and not to a given argument that a person formulates. The model, therefore,

assumes that some individuals are naturally more influential than others, rather than consider-

ing the persuasiveness of each communicated argument separately.

Dynamical networks of influence in small group discussions
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Our approach differs from the simple averaging of the initial estimates that are typically

used in the “wisdom-of-crowds,” and from the repeated averaging across all group members

typically used in a DeGroot updating procedure [29]. Here, individuals only integrate the esti-

mate of the last speaker and do not average across all individuals simultaneously. This creates

complex dynamics involving judgment propagation and indirect influence among group
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Fig 1. Illustrative examples of group discussions with N = 3 individuals. (A) Simulation with a balanced influence

network (represented on the left side), in which all group members assign the same weight wij = 0.3 to all other group

members. In our representation of the influence network, the arrows pointing from an individual i to another individual j

represent the influence that i has on the judgment of j. The corresponding discussion dynamics is depicted on the right

side. The color stars indicate the identity of the speaker at each round of the discussion. The initial judgments of the

three individuals for this simulation are x0
1
¼ 0:6, x0

2
¼ 0:3, and x0

3
¼ � 0:8. At round r = 1, the individual 2 (in red) speaks

up and communicates her judgment x0
2

to the two others. Individuals 1 and 3 revise their own judgment accordingly,

leading to x1
1
¼ 0:5 and x1

3
¼ � 0:47. After 10 rounds of discussion, the judgments of the three individuals converge

around x = 0.2. In each round, the identity of the speaker is randomly chosen among the N individuals. (B) The same

simulation assuming a more hierarchical influence network. In this case, the individual 1 is more influential than the two

others. During the discussion, the judgments of the three individuals converge around x = 0.6. To facilitate the

comparison between (A) and (B), the initial judgments and the sequence of speakers are identical in both examples.

https://doi.org/10.1371/journal.pone.0190541.g001
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members. In the first part of the ‘Results’ section, we study the optimal structure of the influ-

ence network for various group compositions.

Social learning

Our model does not only focus on the outcome of the discussion but also on how individuals

adapt to it in the long run. For this, we assume that the same group of individuals undertakes

not only one, but a series of NT estimation tasks from the same problem domain. For each esti-

mation task, a new discussion takes place between the same set of individuals, following the

procedure described in the previous section. For the first discussion, the group members are

strangers and know nothing about each other’s skills. However, as individuals undertake

repeated estimation tasks together, they can learn about and adapt to each other’s past perfor-

mances. This social learning aspect is represented by a change in the weights that each individ-

ual gives to the others. In other words, the influence network evolves over time, depending on

how the individuals perceive their peers.

Formally, we now include a time dependency on the weights wij(t), where the variable t var-

ies from 1 to NT. The variable t indicates the number of discussions that the pair of individuals

{i,j} undertook together. Individuals who had no past interactions with their partner assign a

default weight wij(0) = w0 to him or her.

Previous experimental measurements have shown that individuals update the weight

assigned to others based on their relative, not absolute, performances [30]. Furthermore,

experimental data have also revealed the existence of a social discounting bias in this process,

indicating that people tend to underweight their own error as compared to the errors of their

partners [25,30,31]. In our model, we describe these facts by assuming that the weight given by

i to j is increased by an offset w� if j performed sufficiently better than i during the previous

discussion, and is decreased by w� otherwise:

wijðtÞ ¼ wijðt � 1Þ þ w� if e�j þ a < e0

i

And

wijðtÞ ¼ wijðt � 1Þ � w� if e�j þ a > e0

i

Here, e0
i ¼ jx

0
i j is the error that the focal individual i made on her initial estimate x0

i during

the previous discussion, and e�j ¼ jx
�
j j is the error that the individual j committed on the first

communicated estimate during the previous discussion. This formalization reflects the fact

that the focal individual i does not know what was the initial estimate x0
j of the individual j,

and can only consider the first communicated estimate x�j of the individual j to judge him or

her. The parameter α is the social discounting bias. The higher α the stronger i downgrades the

quality of j’s judgments.

In the second part of the ‘Results’ section, we explore how the weights wij(t)—and thus the

structure of the influence network—evolve as t increases, and compare the emerging group

structure to the optimal one. The model variables and parameters are summarized in Table 1.

Results

Optimal group configuration

Ignoring the social learning aspect of the model for now (i.e. considering NT = 1), we

addressed the question of what are the optimal weights wij that each individual should assign

to all the others such that the group error is minimized. Is the group better off by assigning

Dynamical networks of influence in small group discussions
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equal weights to everybody, irrespective of the individual members’ skills, or is it more efficient

to give a stronger power to the best performers?

To address this question, we varied the group composition by defining two types of individ-

uals: 1) the good performers, for whom the initial estimates are drawn from a normal distribu-

tion with mean μ and standard deviation σ+; and 2) the bad performers, for whom the initial

estimates are drawn from a normal distribution with the same mean μ but a standard deviation

σ−> σ+ (S1 Fig). We defined the group error E as the average error of the group members at

the end of the discussion:
P

ie
Nr
i =N where eNr

i ¼ jx
Nr
i j is the final error of the individual i.

Using an optimization procedure (see the Methods section), we computed the optimal net-

work structure—that is, the weight values wij for all pairs {i,j}—that minimizes the final error E
of the group for different group compositions. The results are presented in Fig 2. Groups com-

posed of equally skilled members (either good or bad performers) reach their best perfor-

mances when individuals assign an equal weight w� 0.2 to each other. When individuals do

not perform equally, however, the weights need to be adjusted accordingly. For instance, in

groups composed of two good and one bad performer, the group performs best when the two

good performers assign a weight wij� 0.2 to one another while ignoring the bad performer,

but at the same time receiving a weight wij� 0.7 from her. In the next section, we study

whether groups can naturally converge towards these optimal structures via social learning.

Emerging patterns

Next, we addressed the question of whether groups can self-organize to reach the optimal

structures described in Fig 2. For this, we conducted another set of simulations, this time

allowing for social learning across a series of NT = 100 discussions. For each group composi-

tion, we also varied the value of the social discounting bias α in the interval [0 2]. For all values

of α, we measured the average group performance after NT = 100 discussions, for different

group compositions. Surprisingly, we found that the best collective performances are found

for a social discounting bias α> 0 (Fig 3). That is, individuals do benefit from moderately

downgrading the performances of their peers. To better understand this result, we looked at

the associated network structures for three values of α (α = 0, α = 0.1, and α = 1). The results

are shown in Fig 4. It is visible from this figure that in the absence of bias (i.e., α = 0) the

weights that individuals assign to each other are too high. However, increasing the bias tends

to reduce the overall weight values. When the social discounting bias is large enough, the

Table 1. Model variables and parameters.

xri Estimate of individual i at round r

x0
i Initial estimate of individual i

N Group size

eri Error associated with the estimate xri
wij Weight given by individual i to the estimates of individual j.

α Social discounting bias

μ,σ Mean and standard deviation of the normal distribution from which the individuals’ initial estimates are

drawn.

Nr Number of speaking rounds in a discussion

NT Number of discussions.

t Current discussion

w0 Default weight assigned to a stranger

w* Change of weights between discussions

x�i First estimate communicated by i during the discussion.

https://doi.org/10.1371/journal.pone.0190541.t001
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weights of the influence networks match the optimal ones presented in Fig 2, and yield the

best group performances shown in Fig 3.

Why do people benefit from downgrading the performances of their peers? Social discount-

ing is necessary to counterbalance the fact that individuals tend to overestimate the skills of

their peers. The reason is that individuals judge the performance of the others based on the

first estimate x�i they communicated, which is generally better than their real initial estimate
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x0
i . For instance, in the illustrative discussion dynamics sketched in Fig 1A, the individual p3

(in yellow) communicates her first estimate x�
3

at round 4. This estimate is very close to the

true value, giving the impression that p3 is an excellent performer. However, the actual initial

estimate x0
3

of p3 was far off. Because the initial estimate x0
3

was not communicated, the other

group members could only judge the performance of p3 based on x�
3

and thus overestimated

her skills. Generally speaking, the first communicated estimate x�i tends to be more accurate

than the initial estimate x0
i , because x�i has been revised in light of what the others have com-

municated before [2,32]. For that reason, the weights are usually too high when α = 0 (Fig 4).

Social discounting can correct this overestimation and is therefore beneficial to the group

members.

Speaking order effect

One important side effect of the above mechanism is that individuals who tend to speak for

the first time later in the discussion are more likely to be positively perceived by their peers. In

fact, one can remain silent during the beginning of the discussion, integrate the estimates com-

municated by the others, and speak up later to communicate a revised and more accurate esti-

mate to the rest of the group. This would have the effect of giving others the impression that

the late speaker is a good performer. We evaluated the late-speaker effect in an additional

series of simulations, by manipulating the round at which one group member speaks up for

the first time. As predicted, the average weight wij(NT) that the individual j receives from the

others after NT discussions is significantly increased as j speaks for the first time later in the

discussion (Fig 5A). The late-speaker effect is attenuated for the calibrated values of α = 0.1,

but does not disappear completely.

This result contrasts with the empirical fact that the individual who speaks first in a group

deliberation have a stronger impact on the outcome of the discussion (generally known as the

anchoring bias; see e.g., [33]). Interestingly, this “first-speaker” effect is also visible from our

simulations (Fig 5B). In fact, the first-speaker and late-speaker effects are not incompatible:

On the one hand, individuals who speak early during a discussion have a stronger influence on
that discussion. On the other hand, however, individuals who speak late during a discussion

have the stronger influence in the long run, because they tend to receive greater weights from

others.

Discussion

Based on methods inspired by network science and opinion dynamics, we studied how the

internal structure of a group could emerge and shape the group’s collective performances. For

this, we introduced the influence network—a weighted, directed graph that determines the

extent to which each group member influences the others. We showed that the structure and

the evolution of that influence network could be a major determinant of group performance:

Groups perform well when their internal structure reflects the skills of the group members

well, but perform poorly otherwise. It is also interesting to compare the performances of face-

to-face discussions with those of other methods of collective intelligence such as the wisdom-

of-the-crowds approach (WOC). In contrast to face-to-face discussions, the WOC computes

the average estimate of the group members in the absence of any social interactions [34]. Our

additional simulations (see supplementary S2 Fig) show that the WOC outperforms the group

discussion when the skills of the group members are similar. However, for groups composed

of a mixture of good and bad performers, the discussion outperforms the WOC on the long-

run because the group members will eventually find out who are the best performers and fol-

low them while ignoring the judgments of the bad performers. In other words, groups can

Dynamical networks of influence in small group discussions
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adapt to the skills of the group members whereas the WOC averages across everybody’s esti-

mates irrespective of their individual skills.

In the context of group discussions, previous experimental studies have revealed the exis-

tence of a ‘collective intelligence factor’—called c—that is predictive of groups performance

[1]. The authors of that study have shown that c correlates with the social sensitivity of the indi-

viduals, as measured by the ‘Reading the mind in the eyes’ test [35]. That is, groups composed
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of individuals with higher social sensitivity tend to perform better than those with lower social

sensitivity. An important question would then be whether this correlation between the social

sensitivity of the individuals and the group’s performance could be explained by the structure

of the group’s influence network. It is conceivable that individuals with a higher social sensitiv-

ity have a better ability to perceive the skills of their peers and to adjust the weights they give

them during a discussion and in the long run. On the contrary, individuals with a lower social

sensitivity would fail to adequately balance the weight they give to one another and produce

maladaptive influence networks leading to poor collective performances.

Another important component of the collective intelligence factor is the ability of the group

members to take conversational turns equally. Experiments have shown that groups where a

few people dominate the conversation are outperformed by those with an equal distribution of

speaking turns. In our simulations, however, all individuals have equal probability to speak up

at each discussion round, and the impact of unbalanced speaking turns was not explored. The

reason is that the relationship between an individual’s skills, social influence, and speaking fre-

quency is unclear. The speaking probability can be affected by the individual’s skills, or by the

individual’s status in the influence network. This aspect of the discussion dynamics needs to

be evaluated experimentally.

In sum, our simple model produces a rich set of predictions that could constitute important

explanations to existing research on group discussion. This work calls for a series of experi-

mental studies that would (1) validate the predictions, (2) test the relationship with the indi-

vidual’s social sensitivity, and (3) evaluate the determinants of the speaking frequency. With

that regards, novel technological tools such as the sociometric badges recording people’s

speaking frequency could help measuring the internal dynamics that take place during a group
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discussion [36,37]. The model can open numerous perspectives aimed at enhancing the collec-

tive performances of groups in all situations where people engage in face-to-face discussions

for solving problems or making decisions. This applies to many domains of life including the

business and industry, scientific research, politics and medical decision-making.

Methods

The optimal influence networks presented in Fig 2 were computed through an exhaustive

search optimization procedure. For each of the four group compositions presented in Fig 2,

we systematically varied the six weight values of the network in the interval [0 1], with steps of

0.2. In such a way, we tested a total of 46656 different configurations for each group composi-

tion. For each configuration, we measured the average group error across 5000 discussions.

The best 30 configurations that produced the smaller group errors were then merged by aver-

aging the weights wij across them. The six resulting weights are those presented in Fig 2.

Supporting information

S1 Fig. Performance of the agents. In the simulations, good performers have their initial esti-

mate x0 randomly drawn from a normal distribution with a mean 0 and standard deviation 1

(blue distribution). Bad performers draw their initial estimate x0 from a normal distribution

with a mean 0 and standard deviation 5. Estimates are assumed to be normalized such that the

truth always equals 0. In such a way, the error e associated with a given estimate x is simply

given by e = |x|.

(EPS)

S2 Fig. Wisdom-of-the-crowds. Comparison between the performances of the group discus-

sions and the wisdom-of-the-crowds approach (WOC) for different group compositions and

over 100 learning rounds. The WOC is evaluated by measuring the error of the average esti-

mate of the group members before the discussion starts. The WOC does not involve interac-

tion between group members and is therefore identical across all learning rounds for a given

group compositions. In contrast, the performance of the group discussions depends on the

weights that the group members assigned to one another and therefore change over learning

rounds. When all group members are equally skilled (either all good or all bad), the discussion

is outperformed by the WOC (in A and D). However, when there exist skill differences within

the group (in B and C), the discussion eventually outperforms the WOC because group mem-

bers gradually learn to rely on the judgment of their best performers, whereas the WOC

weights the judgments of the good and bad performers equally. Results are averaged over 5000

simulations, with N = 3 and α = 0.

(EPS)

S1 File. Simulation code. The set of Matlab scripts that were used to produce the figures pre-

sented in the article.

(ZIP)

Acknowledgments

We thank Solal Moussaïd for fruitful discussions.

Author Contributions

Conceptualization: Mehdi Moussaïd, Alejandro Noriega Campero, Abdullah Almaatouq.

Formal analysis: Mehdi Moussaïd.

Dynamical networks of influence in small group discussions

PLOS ONE | https://doi.org/10.1371/journal.pone.0190541 January 16, 2018 11 / 13

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190541.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190541.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190541.s003
https://doi.org/10.1371/journal.pone.0190541


Investigation: Mehdi Moussaïd, Alejandro Noriega Campero, Abdullah Almaatouq.

Writing – original draft: Mehdi Moussaïd.

Writing – review & editing: Mehdi Moussaïd, Alejandro Noriega Campero, Abdullah

Almaatouq.

References
1. Woolley A, Chabris C, Pentland A, Hashmi N, Malone T. Evidence for a Collective Intelligence Factor in

the Performance of Human Groups. Science. American Association for the Advancement of Science;

2010; 330: 686–688. https://doi.org/10.1126/science.1193147 PMID: 20929725

2. Krause J, Ruxton GD, Krause S. Swarm intelligence in animals and humans. Trends Ecol Evol. Else-

vier; 2010; 25: 28–34. https://doi.org/10.1016/j.tree.2009.06.016 PMID: 19735961

3. Kerr NL, Tindale RS. Group performance and decision making. Annu Rev Psychol. 2004; 55: 623–655.

https://doi.org/10.1146/annurev.psych.55.090902.142009 PMID: 14744229

4. French JRP Jr. A formal theory of social power. Psychol Rev. American Psychological Association;

1956; 63: 181. PMID: 13323174

5. Abelson RP. Mathematical models of the distribution of attitudes under controversy. In: Frederiksen N,

Gulliksen H, editors. Contributions to mathematical psychology. New York: Holt, Rinehart & Winston,

Inc; 1964. pp. 1–160.

6. Friedkin NE, Johnsen EC. Social Influence Network Theory: A Sociological Examination of Small Group

Dynamics. Cambridge University Press; 2011.

7. Mason W, Conrey F, Smith E. Situating social influence processes: Dynamic, multidirectional flows of

influence within social networks. Pers Soc Psychol Rev. SAGE Publications; 2007; 11: 279–300.

https://doi.org/10.1177/1088868307301032 PMID: 18453465

8. Stasser G, Titus W. Pooling of Unshared Information in Group Decision Making: Biased Information

Sampling During Discussion. J Pers Soc Psychol. 1985; 48: 1467–1478.

9. Stasser G, Stewart D. Discovery of Hidden Profiles by Decision-Making Groups: Solving a Problem Ver-

sus Making a Judgment. J Pers Soc Psychol. 1992; 63: 426–434.

10. Janis IL. Groupthink: Psychological studies of policy decisions and fiascoes. Houghton Mifflin Boston;

1982.

11. Asch SE. Opinions and social pressure. Sci Am. 1955; 193: 33–35.

12. Moussaïd M, Brighton H, Gaissmaier W. The amplification of risk in experimental diffusion chains. Proc

Natl Acad Sci U S A. 2015; 112: 5631–5636. https://doi.org/10.1073/pnas.1421883112 PMID:

25902519

13. Moussaid M, Kaemmer J, Analytis P, Neth H. Social Influence and the Collective Dynamics of Opinion

Formation. PLoS One. Public Library of Science; 2013; 8: e78433. https://doi.org/10.1371/journal.pone.

0078433 PMID: 24223805

14. Klein N, Epley N. Group discussion improves lie detection. Proceedings of the National Academy of Sci-

ences. National Acad Sciences; 2015; 112: 7460–7465.

15. Clément RJG, Krause S, von Engelhardt N, Faria JJ, Krause J, Ralf H J. Collective Cognition in

Humans: Groups Outperform Their Best Members in a Sentence Reconstruction Task. PLoS One. Pub-

lic Library of Science; 2013; 8: e77943. https://doi.org/10.1371/journal.pone.0077943 PMID: 24147101

16. Hautz WE, Kämmer JE, Schauber SK, Spies CD, Gaissmaier W. Diagnostic performance by medical

students working individually or in teams. JAMA. 2015; 313: 303–304. https://doi.org/10.1001/jama.

2014.15770 PMID: 25603003

17. Bahrami B, Olsen K, Latham PE, Roepstorff A, Rees G, Frith CD. Optimally interacting minds. Science.

2010; 329: 1081–1085. https://doi.org/10.1126/science.1185718 PMID: 20798320

18. Watts D, Dodds P. Influentials, Networks, and Public Opinion Formation. J Consum Res. 2007; 34:

441–458.

19. Aral S, Walker D. Identifying Influential and Susceptible Members of Social Networks. Science. Ameri-

can Association for the Advancement of Science; 2012; 337: 337–341. https://doi.org/10.1126/science.

1215842 PMID: 22722253

20. Lazer D, Pentland A, Adamic L, Aral S, Barabasi A-L, Brewer D, et al. Computational social science.

Science. American Association for the Advancement of Science; 2009; 323: 721–723. https://doi.org/

10.1126/science.1167742 PMID: 19197046

Dynamical networks of influence in small group discussions

PLOS ONE | https://doi.org/10.1371/journal.pone.0190541 January 16, 2018 12 / 13

https://doi.org/10.1126/science.1193147
http://www.ncbi.nlm.nih.gov/pubmed/20929725
https://doi.org/10.1016/j.tree.2009.06.016
http://www.ncbi.nlm.nih.gov/pubmed/19735961
https://doi.org/10.1146/annurev.psych.55.090902.142009
http://www.ncbi.nlm.nih.gov/pubmed/14744229
http://www.ncbi.nlm.nih.gov/pubmed/13323174
https://doi.org/10.1177/1088868307301032
http://www.ncbi.nlm.nih.gov/pubmed/18453465
https://doi.org/10.1073/pnas.1421883112
http://www.ncbi.nlm.nih.gov/pubmed/25902519
https://doi.org/10.1371/journal.pone.0078433
https://doi.org/10.1371/journal.pone.0078433
http://www.ncbi.nlm.nih.gov/pubmed/24223805
https://doi.org/10.1371/journal.pone.0077943
http://www.ncbi.nlm.nih.gov/pubmed/24147101
https://doi.org/10.1001/jama.2014.15770
https://doi.org/10.1001/jama.2014.15770
http://www.ncbi.nlm.nih.gov/pubmed/25603003
https://doi.org/10.1126/science.1185718
http://www.ncbi.nlm.nih.gov/pubmed/20798320
https://doi.org/10.1126/science.1215842
https://doi.org/10.1126/science.1215842
http://www.ncbi.nlm.nih.gov/pubmed/22722253
https://doi.org/10.1126/science.1167742
https://doi.org/10.1126/science.1167742
http://www.ncbi.nlm.nih.gov/pubmed/19197046
https://doi.org/10.1371/journal.pone.0190541


21. Castellano C, Fortunato S, Loreto V. Statistical physics of social dynamics. Rev Mod Phys. American

Physical Society; 2009; 81: 591–646.

22. Hegselmann R, Krause U. Opinion dynamics and bounded confidence models, analysis and simulation.

Journal of Artificial Societies and Social Simulation. 2002; 5: 2.

23. Deffuant G, Neau D, Amblard F, Weisbuch G. Mixing beliefs among interacting agents. Adv Complex

Syst. 2001; 3: 87–98.

24. Yaniv I. Receiving other people’s advice: Influence and benefit. Organ Behav Hum Decis Process.

SSRN; 2004; 93: 1–13.

25. Soll J, Larrick R. Strategies for revising judgment: how (and how well) people use others’ opinions. J

Exp Psychol Learn Mem Cogn. 2009; 35: 780–805. https://doi.org/10.1037/a0015145 PMID: 19379049

26. Weisbuch G, Deffuant G, Amblard F, Nadal JP. Interacting Agents and Continuous Opinions Dynamics.

Heterogenous Agents, Interactions, and Economic Performance. Springer; 2003; doi:citeulike-article-

id:3179058

27. Isenberg D. Group polarization: A critical review and meta-analysis. J Pers Soc Psychol. 1986; 50:

1141–1151.

28. Burnstein E, Vinokur A. Persuasive argumentation and social comparison as determinants of attitude

polarization. J Exp Soc Psychol. 1977; 13: 315–332.

29. Degroot M. Reaching a Consensus. J Am Stat Assoc. Taylor & Francis; 1974; 69: 118–121.

30. Moussaïd M, Herzog SM, Kämmer JE, Hertwig R. Reach and speed of judgment propagation in the lab-

oratory. Proc Natl Acad Sci U S A. National Acad Sciences; 2017; 114: 4117–4122. https://doi.org/10.

1073/pnas.1611998114 PMID: 28373540

31. Yaniv I, Kleinberger E. Advice Taking in Decision Making: Egocentric Discounting and Reputation For-

mation. Organ Behav Hum Decis Process. 2000; 83: 260–281. https://doi.org/10.1006/obhd.2000.2909

PMID: 11056071

32. Galton F. Vox Populi. Nature. 1907; 75: 450–451.

33. Max H. Bazerman HU, Don A. Moore CMU, Authors. Judgment in Managerial Decision Making. Wiley;

2008; Available: http://digitalcommons.usu.edu/unf_research/44/

34. Lorenz J, Rauhut H, Schweitzer F, Helbing D. How social influence can undermine the wisdom of crowd

effect. Proceedings of the National Academy of Sciences. National Academy of Sciences; 2011; 108:

9020–9025.

35. Baron-Cohen S, Wheelwright S, Hill J, Raste Y, Plumb I. The “Reading the Mind in the Eyes” Test

revised version: a study with normal adults, and adults with Asperger syndrome or high-functioning

autism. J Child Psychol Psychiatry. 2001; 42: 241–251. PMID: 11280420

36. Pentland A. The new science of building great teams. Harv Bus Rev. citeulike.org; 2012; 90: 60–69.

37. Kim T, Chang A, Holland L, Pentland AS. Meeting Mediator: Enhancing Group Collaboration using

Sociometric Feedback. Proceedings of the 2008 ACM Conference on Computer Supported Coopera-

tive Work. New York, NY, USA: ACM; 2008. pp. 457–466.

Dynamical networks of influence in small group discussions

PLOS ONE | https://doi.org/10.1371/journal.pone.0190541 January 16, 2018 13 / 13

https://doi.org/10.1037/a0015145
http://www.ncbi.nlm.nih.gov/pubmed/19379049
https://doi.org/10.1073/pnas.1611998114
https://doi.org/10.1073/pnas.1611998114
http://www.ncbi.nlm.nih.gov/pubmed/28373540
https://doi.org/10.1006/obhd.2000.2909
http://www.ncbi.nlm.nih.gov/pubmed/11056071
http://digitalcommons.usu.edu/unf_research/44/
http://www.ncbi.nlm.nih.gov/pubmed/11280420
http://citeulike.org
https://doi.org/10.1371/journal.pone.0190541


Copyright of PLoS ONE is the property of Public Library of Science and its content may not
be copied or emailed to multiple sites or posted to a listserv without the copyright holder's
express written permission. However, users may print, download, or email articles for
individual use.


