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Abstract. The present study provides the first evidence that personal-
ity can be reliably predicted from standard mobile phone logs. Using a
set of novel psychology-informed indicators that can be computed from
data available to all carriers, we were able to predict users’ personality
with a mean accuracy across traits of 42% better than random, reaching
up to 61% accuracy on a three-class problem. Given the fast growing
number of mobile phone subscription and availability of phone logs to
researchers, our new personality indicators open the door to exciting av-
enues for future research in social sciences. They potentially enable cost-
effective, questionnaire-free investigation of personality-related questions
at a scale never seen before.
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1 Introduction

How much can one know about your personality just by looking at the way
you use your phone? Determining the personality of a mobile phone user simply
through standard carriers’ log has became a topic of tremendous interest. Mo-
bile cellular subscriptions have hit 6 billion throughout the world [1] and carriers
have increasingly made available phone logs to researchers [2] as well as to their
commercial partners [3]. If predicted correctly, mobile phones datasets could
thus provide a valuable unobtrusive and cost-effective alternative to survey-
based measures of personality. For example, marketing and phone companies
might seek to access dispositional information about their customers to design
customized offers and advertisements [4]. Appraising users dispositions through
automatically collected data could also benefit the field of human-computer inter-
face where personality has become an important factor [5]. Finally, finding ways
to extract personality and, more broadly, psycho-social variables from country-
scale datasets might lead to unprecedented discoveries in social sciences.

The idea of predicting people’s personalities from their cellphone stems from
recent advances in data collection, machine learning, and computational social
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Fig. 1 – (A) Accuracy of the prediction with respect to the baseline, (B) most
useful features to predict personality traits, and (C) the distribution of
personality traits across our dataset.

science showing that it is possible to infer various psychological states and traits
from the way people use everyday digital technologies. For example, some re-
searchers have shown that pattern in the use of social media such as Facebook
or Twitter can be used to predict users’ personalities [6–8]. Others have used
information about people’s usage of various mobile phone applications (e.g.,
YouTube, Internet, Calendar, Games, etc.) or social network to draw inferences
about phone owners’ mood and personality traits [9–13]. Although these ap-
proaches are interesting, they either require to have access to extensive informa-
tion about people’s entire social network or people to install a specific tracking
application on their phone. These constraints greatly undermine the use of such
classification methods for large-scale investigations.

The goal of the present research is to show that users’ personalities can
be reliably inferred from basic information accessible from all mobile phones
and to all service providers. Specifically, we introduce five sets of psychology-
informed metrics–Basic phone use, Active user behaviors, Mobility, Regularity,
and Diversity–that can be easily extracted from standard phone logs to predict
how extroverted, agreeable, conscientious, open to experience, and emotionally
stable a user is.

2 Results

Table 1 displays the different indicators and their respective contribution in pre-
dicting the big 5. Specifically, 36 out of our indicators were significantly related
to personality and were all included in the final SVM classifier. As depicted in
Figure 1, the model predicted whether phone users were low, average, or high in
neuroticism, extraversion, conscientiousness, agreeableness, and openness with
an accuracy of 54%, 61%, 51%, 51%, and 49%, respectively. The baselines being
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between 36 and 39%, we predict on average 42% better than random. For neu-
roticism, the predictive power of the model was further increased by including
participants’ gender as a predictor, increasing the accuracy to 63%. This finding
is not surprising given that neuroticism is one of the traits that is most strongly
associated with gender, with women having higher means levels than men in
most countries world-wide [14].

An investigation of the most important feature to predict each trait revealed
interesting associations. Indicators linked to users’ mobility (i.e., distance trav-
eled and entropy of places) were useful to predict Neuroticism. The entropy
of participants’ contacts helped predict both Extraversion and Agreeableness.
These findings are inline with past research showing these traits both relate
to different aspects of the diversity of one’s social network: extraverts tend to
seek more friends than introverts, agreeable individuals tend to be selected more
as friends by other people [15]. Highly consistent with past research showing
that conscientious individuals tend to like organization, precision, and punctual-
ity [16], we found that the best predictor of Conscientiousness was the variance
of the time between phone calls. Lastly, the strongest predictor of Openness was
the average time between text interactions–a finding that remains be explained
be future research.

3 Methodology

3.1 Participants and Procedure

The empirical sections of this work are based on a dataset collected from March
2010 to June 2011 in a major US research university [17]. Each participant
was equipped with a Android smartphone running the open sensing framework
Funf [18]. While the framework is designed to collect a wide range of behav-
ioral data from the user’s phone, we voluntarily limit ourself to data available
in standard carriers’s logs such as phone calls, text messages sent and received,
etc. These CDR (Call Data Record) have recently become widely use for compu-
tational social science research [2, 19–22]. After removing participants who had
less than 300 call or text per year and/or that failed to complete personality
measures, our final sample was composed of 69 participants (51% male, Mean
age = 30.4, S.D. = 6.1, 1 missing value).

3.2 Metrics

We developed a range of novel indicators allowing us to predict users’ personality.
To build our list of indicators, we examined theories and research in personality
psychology and, more specifically, the literature five factor model of personal-
ity, the dominant paradigm in personality research [23]. The five-factor model
is a hierarchical organization of personality traits in terms of five basic dimen-
sions: Extraversion (i.e, the tendency to seek stimulation in the company of
others, to be outgoing and energetic), Agreeableness (i.e, the tendency to be
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warm, compassionate, and cooperative), Conscientiousness (i.e., the tendency to
show self-discipline, be organized, and aim for achievement), Neuroticism (i.e,
the tendency to experience unpleasant emotions easily), and Openness (i.e, the
tendency to be intellectually curious, creative, and open to feelings).

From this literature review, we generated novel indicators that can be easily
computed from carriers logs and that we believed would meaningfully account
for potential differences in personality (see Table 1). These indicators fall under
5 broad categories: Basic phone use (e.g., number of calls, number of texts),
Active user behaviors (e.g., number of call initiated, time to answer a text), Lo-
cation (radius of gyration, number of places from which calls have been made),
Regularity, (e.g.,temporal calling routine, call and text inter-time), and Diver-
sity (call entropy, number of interactions by number of contacts ratio). These
indicators are detailed hereafter.

Entropy: Is a quantitative measure reflecting how many different categories
there are in a given random variable, and simultaneously takes into account how
evenly the basic units are distributed among those categories. For example, the
entropy of one’s contacts is the ratio between one’s total number of contacts and
the relative frequency at which one interacts with them.H(a−c) = −�

c fc log fc
where c is a contact and fc the frequency at which a communicates with c. The
more one interacts equally often with a large number of contacts the higher the
entropy will be. This work considers the entropy of calls, text, calls+text but
also the entropy of places one visits.

Inter-event time: Is the time elapsed between two events. This work then
consider both the average and variance of the inter-event time of ones’ call,
text, call+text. call+text means that an interaction, a call or an text, happened
between two users. Therefore, even though two users have the same inter-event
time for both call and text, their mean inter-event times for call+text can be
very different.

AR coefficients: We can convert the list of all calls and texts made by a
user into a time-series. We discretized time by steps of 6 hours. For example,
the time-series Xt contain the number of calls made by a user between 6pm
and 12am on Monday followed by the number of calls made by the same user
between 12am and 6am on Tuesday and so on. We then train a auto-regressive
model per user. This model takes the form Xt = c+

�p
i=1 ϕiXt−i + εt where c

is a constant and εt are noise terms. The coefficients ϕi can thus be interpreted
as the extent to which knowing how many calls a person made in the previous
6 hours, the day before at the same time predicts the number of calls that
person will make in the coming 6 hours. We only kept the coefficient that were
statistically significant for at least 3 traits: ϕ1,4,8,12,18,24. Note that while we see
some patterns in the statistically significant coefficients, interpretation of such
patterns requires caution given that (1) this analysis has been done post-hoc
and (2) our relatively small sample size.

Response rate and latency (text): We consider a text from a user (A)
to be a response to a text received from another user (B) if it is sent within an
hour after user A received the last text from user B. The response rate is the
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percentage of texts people respond to. The latency is the median time it takes
people to answer a text. Note than by definition, latency will be less or equal to
one hour.

Number of places and their entropy: The dataset was collected using the
open sensing framework Funf which prevent us from directly using cell phone
towers. We instead empirically defined places by grouping together the GPS
points of a user that are less than 50m apart and by defining their center of
mass as the lat-long coordinate of the place. 50m made sense given the sampling
resolution of our dataset. Finally, we only kept the places where a user spend
more than 15 minutes in a row.

Radius of gyration: This is the radius of the smallest circle that contains
all the places a user have been to on a given day.

Distance per day: This is sum of the distance between the consecutive
places a user has visited in a given day.

Home and call regularity:We look at regularity at which a user is coming
back home (home regularity) or receiving/making a call (call regularity) using
a neural coding inspired metric [24].

3.3 Personality

As part of a larger questionnaire, participant completed the Big Five Inventory
(BFI-44 [25]), a 44-item self-report instrument scored one a 5-point Likert-type
scale measuring the Big Five personality traits. The BFI-44 has been widely
used in personality research and has been shown to have excellent psychometric
properties [25]. As depicted in Figure 1, participants personality scores follow
a normal distribution: Neuroticism (A = 0.3012, p = 0.5698), Openness (A =
0.2592, p = 0.7042), Extraversion (A = 0.2884, p = 0.6074), Conscientiousness
(A = 0.4380, p = 0.2869), and Agreeableness (A = 0.4882, p = 0.2162).

3.4 Class prediction

Because the relationship between personality traits and numerous behavioral
and psychological factors can often be non-linear [26, 27], we choose to use SVM
over the more traditional GLM as the former automatically model non linear
relationships. Consequently, following [28] we classified each user as low, average,
or high on each on the five personality dimensions.

We then selected the most relevant features using a greedy method similar
to [29]. At each iteration, features are ranked using the squared weight and the
worst feature of the set is removed. We stop removing features when removing a
subset of worst features of size less than 3 degrades the performance and report
the 3 highest ranked features. We then classified using an SVM with a 10-fold
cross validation.
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4 Discussion

Table 1. Metrics N E O C A
Regularity
Average inter-event time (call) • • • • •
Average inter-event time (text) • •
Average inter-event time (c&t) • • •
Variance of inter-event time (call) • •
Variance of inter-event time (text) • • •
Variance of inter-event time (c&t) • • • •
Home regularity • •
AR- ϕ1 •
AR- ϕ4 • •
AR- ϕ8 • • •
AR- ϕ12 • •
AR- ϕ24 • • •
Number of call regularity • •
Diversity
Entropy of contacts (call) • • •
Entropy of contacts (text) • • • • •
Entropy of contacts (c&t) •
Contacts to interactions ratio (call) • • • •
Contacts to interactions ratio (text) • • •
Contacts to interactions ratio (c&t) • • •
Number of contacts (call) • •
Number of contacts (text) • •
Number of contacts (c&t) • •
Spatial behavior
Radius of gyration (daily) • •
Distance traveled (daily) • • • • •
Number of places • • • • •
Entropy (places) • • • • •
Active behavior
Response rate (call) •
Response rate (text) • • • •
Response latency (text) •
Percent during the night (call) • • •
Percent initiated (text) • •
Percent initiated (call) • • • •
Percent initiated (c&t) •
Basic Phone use
Number of interactions (text) •
Number of interactions (call) • • • •
Number of interactions (c&t) • • • •

The present study provides
the first evidence that per-
sonality can be predicted
from standard carriers’ mo-
bile phone logs. Using a set
of novel indicators that we
developed based on person-
ality research and that are
available to virtually any-
one, we were able to predict
whether users were low, av-
erage or high on each of the
big five from 29% to 56%
better than random. These
levels of accuracy were ob-
tained while we purpose-
fully adopted a restrictive
approach only using phone
logs.

To our knowledge, these
predictions exceed all previ-
ous research linking psycho-
logical outcomes to mobile
phone use. In particular, a
previous study that used
a combination of informa-
tion from mobile phone logs
and people’s usage of mo-
bile phone applications such
as YouTube, Internet, and
Games predicted the per-
sonality of their owners with
a mean accuracy of 15% [9].
In comparison, the mean ac-
curacy in the present re-
search is almost three times
as high (i.e., 42%).

It is interesting to note
that Extraversion and Neu-
roticism were the traits that
were best predicted in our
study. These two traits are
the dimensions of personal-
ity that are the most di-
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rectly associated with emotion. In particular, extraversion is a strong predictor of
positive emotions and neuroticism is a strong predictor of negative emotion [30].
This raises the hypothesis that our indicators might be picking up on the emo-
tional components associated with these two traits. It would be interesting to
investigate whether our indicators can predict emotional variable such as happi-
ness in future studies. In addition, contrasting cellphone-based vs. questionnaire-
based measures of personality when predicting various psycho-social outcomes
might lead to interesting asymmetries. In line with this idea, recent research
in personality shows that ratings of one’s personality that are made by oneself
and ratings of one’s personality that are made by others are both valid but
different predictors of behavior. For example, self-ratings predict behaviors like
arguing or remaining calmn, whereas other-ratings predict behaviors like humor
and socializing [31].

Although more research is needed to validate our model and the robustness
of our indicators for use on a large-scale and more diverse population, we be-
lieve that our findings open the door to exciting avenues of research in social
sciences. Our personality indicators and the ability to predict personality using
readily available mobile phone data may enable cost-effective, questionnaire-free
investigation of personality-related questions at the scale of entire countries.

Acknowledgments. The authors would like to thanks Nadav Aharony, Wei
Pan, Cody Sumter, and Bruno Lepri for sharing data.
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