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1 Introduction

The modern information and communication technologies
provide a new potential to design systems able to harness
collective intelligence. These social systems incorporate
collective decision processes resulting from opinion dynam-
ics. Yet, predicting opinion dynamics in the context of social
influence largely remains an open problem [1]. The present
work provides a new step in this direction.

2 Crowdsourcing games

We carried out online experiments where participants had
to estimate some quantities while receiving information re-
garding opinions from other players. Our research is based
on an experimental website that we built, which received
participants from a crowdsourcing platform.

When a participant took part in an experiment, he/she joined
a group of participants for a series of games. During the
first round, each of the players provided his/her estimation,
independently of the other players. During the second and
third round, each player got to know all other opinions from
the first round in an anonymous fashion and provided his/her
estimation again.

3 Social consensus

We use a consensus model [2] to capture the way individual
opinions evolve during a collective decision process. Our
model assumes that when an individual sees a set of opin-
ions, his/her opinion changes linearly in the distance be-
tween his/her opinion and the mean of the group opinions.
In mathematical terms, we denote xi(t) the opinion of indi-
vidual i at time t and describe its evolution as

xi(t +1) = xi(t)+αi ·β t
i · (x̄(t)− xi(t)) + ηi(t), (1)

where x̄(t) is the mean opinion of the group at time t, ηi(t)
represents the model noises and the linear factors αi ·β t

i are
called the influencability of the individuals. It represents the
strength of attraction of an opinion toward the mean opinion.

To fit the consensus model (1) to the data, the influenca-
bility factors αi · β t

i are estimated using two complemen-
tary methods. The log-likelihood maximization (LLM) is
applied to estimate the influencability of each single partic-
ipant independently. The Expectation-Maximization algo-
rithm (EM) performs classification to cope with situations
where the training set size is small.

4 Prediction efficiency

The model is assessed via crossvalidation on its ability to
predict the final opinions of individuals during round 3
based on initial opinions only. A subset of the games – the
training set – is used to estimate the model parameters, and
the rest of the games serves to compute the root mean square
error (RMSE) between the observed data and predictions.
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Figure 1: Comparing the prediction efficiency of LLM and EM
methods for a training set size from 3 to 15 games.

LLM and EM methods are compared for various training
sizes to a null model, assuming constant opinion with no
influence, i.e., αi = 0 (Figure 1). The LLM method is sen-
titive to training set size : it performs better than the null
model when the number of games used for training is higher
than 4 but its predictions become poorer otherwise, due to
overfitting. The last method always performs better than the
null model and outweights the LLM when training set size
is smaller than 6 games.
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