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In this paper, we introduce and explore a new method for finding
the traits of people in a social network. To show how the proposed
method works, we use data collected in an experiment where the
physical activity level of 25 people was measured for one month.
The participants were asked to fill in questionnaires regarding their
personal traits and their social network (friendship and level of
contact with other participants). A social contagion model is used
as a predictor for the future states of the nodes in the network of
the participants. We use machine learning techniques to find the
best weights for each question in the questionnaire. We also use
parameter tuning algorithms to find the traits directly without the
questionnaires. The proposed method could be used to evaluate the
questionnaires or as an alternative method for collecting personal
information such as traits.
The following section presents related works and a brief description of our previous work with this data set. Section 3 explains the
social contagion model used for simulations. Section 4 presents
the new methodology proposed, while Section 5 describes the data.
Section 6 contains the results of the case study. Finally, in Section 7
we discuss the usefulness of our approach and potential future
improvements.

ABSTRACT
Social and cognitive sciences’ knowledge about social behavior and
social networks combined with the new computational machine
learning techniques can facilitate the creation of better models. We
propose and evaluate a new methodology for finding personality
traits of young adults involved in a network using hyper optimization algorithms. We used a social contagion model for the spread
of behavior (measured by the physical activity level) among the
participants. A part of the Big-5 questionnaire was used to gather
information about people regarding their traits of openness and
expressiveness. Then we try to fine tune the model using machine
learning algorithms. The fine tuning of questions from an intake
questionnaire can be very useful in validating a model. The accuracy delivered by machine learning pure algorithms is shown
to be better, but the inclusion of data related to people’s traits is
beneficial in defining their characteristics.
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There are many kinds of behavior models in social networks. Studies have addressed this topic in social sciences for many years
[5, 13], and most of them aim to find correlations through statistical
analysis as outcomes from the observed data. Most of the works
that combine human behavior and machine learning algorithms
categorize behaviors in order to predict future states. Wang [19]
has used machine learning tools to detect Twitter accounts that
don’t behave like humans, i.e. detect bots. Ellis et al. [10] classify
activities related to the GPS information collected.
Some works are interested in defining the traits of people instead
of only classifying the behavior. Durupinar et al. [9] have used adjectives to define the traits of people in a crowd in order to simulate
heterogeneous subgroups acting in particular circumstances. The
tuning of the simulation is done manually and does not involve any
sort of computational method.
Alam et al. [1] have used different ML classification algorithms
to recognize Big-5 personality traits in Facebook’s social network
using the text from the status of users and self-reports. Even though
the approach used can be compared to ours, they are not concerned
about weighting the questions to find out which of them are relevant
or not. Araújo et al. used a network-oriented social contagion model
in order to predict if the PAL of each person is going to improve
or deteriorate with an accuracy of above 80% using two traits from
the Big-5 inventory. This work does not address the question about
the relevance of the questions in the intake questionnaires.
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INTRODUCTION

Recent research has revealed that social contagion is one of the
main factors that shape people’s opinions, beliefs and behavior
[8, 16]. Questionnaire-based self-reports are frequently used for
measuring or quantifying cognitive and personality characteristics
as traits of people, mood state, character aspects, etc. Although
self-reports are well accepted as a standard part of social sciences
methodology, it is known that bias can be a factor. At least 48 types
of biases have been identified [7].
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RELATED WORK

We propose a new approach for defining the traits of people
using hyper optimization using a data set of people’s behavior and
a social contagion model. We couldn’t find any similar approach
in literature, as most of the works define the traits based on manual operations and formulas created without any automation or
parameter tuning algorithms.

3

SOCIAL CONTAGION MODEL

We use a model of social contagion to relate observable (physical
activity) behavior with personality traits. Social contagion is a phenomenon that concerns the attitudes, beliefs and behaviors being
spread among people [14]. A computational model was designed
by [6] to interpret and model group emotion spreading over time
among work team members. The model is not restricted to emotions. It is also applicable in explaining behavior contagion. [2]
used the model to predict the change in physical activity where
PAL is the spreading factor in the network.
We use the social contagion model for the spreading of physical
activity behavior as the internal state for the nodes in a network.
Each person has an internal state q ∈ [0, 1] that affects the internal
states of other persons in the network, qi . Differently from [2], we
use qi as the weekly mean of the PAL of person i instead of the
daily PAL. This is done to decrease the fluctuation and picks in the
values caused by weekends or unusual days of intense activities
that are not part of the routine of the person.
Three factors affect the contagion process in the network, namely
the expressiveness of the sender (B) ϵ B , the openness of the receiver
(A) δ A , and the connection strength between sender B and receiver
A, w BA . The expressiveness determines the strength by which the
internal state of person B is expressed to the other members of
the network. The openness of the receiver A, gives an indication to
what extent the person is open to be influenced by other members,
while the connection strength describes how strong the relationship
between B and A is. These parameters are numerically represented
as real numbers between 0 and 1. The overall contagion strength
is the total contagion of all connections towards person A, and is
Í
calculated as γ A∗ = B,A ϵ B w BAδ A .
∗
The value of γ A is used as a speed factor for changes in the
model dividing it for the number of neighbors of node A, γ A =
γ A∗ /num neiдhbors A following the modification proposed in [3].
The aggregated impact is the real amount of behavioral influence
person A receives and it is calculated as shown in equation 1, where
the proportional weight of the contagion for each node B to A is
given as ω BA = Í ϵ B wϵ BAw .
C ,A C

Figure 1: Methodology for tuning the questionnaire questions weights (left). Methodology for tuning the traits for
each participant (right).

The Hyperopt library for Python [4] was used to calculate the
best parameters for the following scenarios:
(1) Find the weights for each of the 18 questions from the questionnaire and the speed factor for the model simulation;
(2) Find the personality traits of openness and expressiveness
for each of the 20 participants and the speed factor for the model
simulation.
In both scenarios the algorithm runs the contagion model described in Section 3 and aims to minimize the difference between
the simulated physical activity level of the participants and the
actual physical activity level in the experimental data. We also used
a simulated annealing algorithm to try a different approach rather
than the grid search provided by Hyperopt library. Unfortunately
due to the big number of dimensions, this didn’t yield useful results.
Figure 1 (left) shows the framework for method (1), tuning the
weights of the questions. Given an initial weights set, it uses the
questionnaires to calculate the openness and expressiveness for
each person. The same weights for each of the questions are used for
all the participants. After that, the model calculates the simulated
change in physical activity behavior over time. The error is the sum
of the squared differences between empirical and simulation data.
The learning algorithm then makes adjustments to the weights
and a new simulation is performed. Figure 1 (right) shows the
framework for the process of finding the best parameters for each
participant for method (2). In this case the two personality traits
(openness and expressiveness) are tuned directly.

CA

aggimpactA =

Õ

ω BAq B

(1)

5

B,A

The data used is collected from an experiment described in [2]. The
aim of the original experiment was to compare changes in the PAL
of a group of young adults over a range of 30 days. The data was
collected through questionnaires about the participants’ personality
traits and the kind of relationship that they have with each other. An
adapted Big-5 Questionnaire [11, 15] was used to find traits of the
participants, namely expressiveness and openness. The questions
could be answered as totally disagree (0), disagree (0.25), neutral
(0.5), agree (0.75) and totally agree (1). 6 of the questions were
related to openness to new experiences, 6 to extraversion and 6

Then finally, new state of person A in time t + ∆t is given as
∆q A (t + ∆t) = q A (t) + γ A (aggimpactA (t) − q A (t))∆t.

4

DATA

METHODS

We use machine learning techniques to find the best weights for
each question in a questionnaire-based social experiment. We also
explore whether the same parameter tuning approach can be used to
find the traits directly; we evaluate this by comparing the resulting
traits with the ones provided by the questionnaires.
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to agreeableness. We associate the dimension openness to new
experiences to the trait openness, and the dimensions extraversion
and agreeableness to the trait expressiveness.
The network consisted of 25 participants. They were asked to
wear a Fitbit One device from 11/05/2015 until 09/06/2015. This
device traced their activities and recorded the number of steps
walked/ran daily, as well as the light, moderate and very active
minutes over the day. Fitbit One is an activity tracker for measuring
physical activity and has been used in many works with good
reliability [17, 18]. Five participants provided less than 25 days of
data, and were removed from the experiment.
The intake questionnaires were administered at the beginning
of the experiment in order to collect (1) personal characteristics,
(2) the level of friendship with other people, and (3) frequency of
contact with other participants in person or in virtual environments
like social media. Questionnaire (1) was used to define the traits of
the participants, namely openness and expressiveness. This questionnaire is based on the Big-5 Inventory containing 18 questions
related to the dimensions of openness, agreeableness and extraversion. Questionnaires (2) and (3) were used to calculate the strength
of the connections between all the participants.
To calculate the PAL for the participants in the experiment, we
used the Metabolic Equivalent of Task (MET) as a basis [12]. MET
is the energy spent while performing physical activities. 1 MET is
equivalent to the energy spent while seated at rest. Fitbit categorizes
the daily active minutes of each user to lightly active, fairly active
and very active minutes, based on the MET value associated to each
physical activity that the user performs. We are calculating the
daily PAL value for each participant as PAL = 2 × (liдhtly active) +
4×(moderately active)+8×(very active). The PAL values divided
by 1.500, which we consider as a maximum daily PAL value.
A few questions were given to the participants to verify (a) what
kind of relationship they have with each other, (b) the frequency
of their contact in real life or in private conversation through social media, and (c) the frequency of their contact in groups on
social media including seeing posts by the others. The three questionnaires were normalized so the total would be in a range between 0 and 1. The overall connection strength was calculated as
connections = 5 × (a) + 3 × (b) + (c)

with the traits that are calculated based on equal weights for the
questions (the second and fourth column for openness, and the fifth
and seventh column for expressiveness). The average difference
between the hyperopt algorithm and equal weights approach is
0.0993 for openness and 0.0955 for expressiveness, with low standard deviations (0.0835 for openness and 0.0442 for expressiveness).
Although the traits resulting from the hyperopt algorithm are quite
similar to the ones calculated with equal weights, they are very
different than the standard values of 1.

Figure 2: Mean and standard deviation for the 100 best solutions using the grid search.

To investigate whether this is only accidentally the case for the
optimal solution or whether the algorithm actually converges towards useful weights, we selected the 100 solutions that resulted in
the lowest error. Figure 2 shows the mean of the 100 best predictions for each of the weights and the standard deviation. It shows
that the results are very stable.

6.2

Tuning the traits for each participant

In the second phase we try to find the openness and expressiveness
for each person directly by optimizing these values. Using the same
hyperopt grid search algorithm we gathered 80.000 experiments
and obtained a minimum error of 4.68. This value is better than
using the grid search for the weights of the questions.
Appendix A (Available at https://goo.gl/iNwbRG) shows the best
solutions for openness and expressiveness found by tuning the
traits (third and sixth column) in comparison to the values found
by tuning the weights and the equal weight approach. It shows
that the values found by optimizing the personality traits are not
as close to the values calculated based on the questionnaire. This
is to be expected as a pure optimization algorithm will only be
concerned about reducing the loss without considering the context.
To verify the variation of the best results found in the grid search,
we also calculated the openness and expressiveness for the 100 best
results obtained. The standard deviation for this scenario is bigger
than the first scenario, as shown in Figures 3 (for openness) and
4 (for expressiveness). This shows that tuning the traits will give
a larger range of values for the parameters with an approximate
similar cost. The difference between the results obtained with the
questionnaire and the best results obtained using a ML method are
also very noticeable.

6 RESULTS
6.1 Tuning the weights of the questionnaire
For the optimization of the weights we have used a grid search
algorithm. The algorithm variates the weights of each of the 18
questions between 0 and 1 in order to find the a set of weights
that results in the most accurate simulation of our empirical data.
Running the grid search algorithm for 82.000 iterations and all
parameters we get a minimum error of 5.79.
When running the model with all the weights equal to 1 and a
speed factor of 1, the error between the model and the empirical
data is 5.97. The parameter tuning thus results in a model prediction
that is closer to the empirical data. The small difference can be explained by the fact that the best traits found through the grid search
are very close to the values of the traits when they are calculated using equal weights. Appendix A (https://goo.gl/iNwbRG) shows the
traits obtained from the best fit set of weights found in comparison
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The results are less positive for the second method. Although the
error is lower than using the grid search algorithm to find optimal
values for the traits directly, the values are very different from the
values derived from the questionnaire. Moreover, an analysis of the
100 best solutions show that the values are also quite diverse. This
can be explained as a computationally optimal solution does not
necessarily coincide with correct interpretation of the traits.
Our case study could still be improved in several ways. A bigger
data set could provide stronger results. Other applications can
use the same methodology, and new case studies could help to
unfold other results and therefore improve the understanding of
the advantages and limitations of these methods.
Acknowledgments: E.F.M. Araújo’s funding is provided by the
Science without Borders Program (CAPES, reference 13538-13-6).

Figure 3: Mean and error for the 100 best solutions using
the grid search for openness (blue bars) and the solutions
obtained with the questionnaires alone (green bars).
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Figure 4: Mean and error for the 100 best solutions using the
grid search for expressiveness (blue bars) and the solutions
obtained with the questionnaires alone (green bars).

7

DISCUSSION AND CONCLUSION

In this paper, we have explored two methods for deriving traits
of people in a social experiment. The methods are evaluated with
data from an experiment with 20 young adults in a social network
and their daily physical activity levels, combined with data from
intake questionnaires used to gage their levels of openness and expressiveness and to quantify their relationships. A social contagion
model based on differential equations is used to predict the PAL.
The first method consisted in using a grid search algorithm to find
the best weights for the 18 questions used in the self-report. The
second method consisted of running a grid search algorithm to find
the personality traits of each person directly.
The results of the first method are better than when using the
original equal weights method. The results (see Appendix B at
https://goo.gl/iNwbRG) show that 8 of the 18 questions provide
little added value (weiдht < 0.03) for determining the traits of the
persons. Moreover, only 5 questions seem particularly important
(weiдht > 0.2). It is also shown that the results are stable for the 100
best solutions. Altogether, the outcome of this experiment suggests
that our first method is a useful mechanism for optimizing complex
questionnaires that are meant to reveal personality characteristics.
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