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ABSTRACT
We study the relationship between Facebook popularity (num-
ber of contacts) and personality traits on a large number of
subjects. We test to which extent two prevalent viewpoints
hold. That is, popular users (those with many social con-
tacts) are the ones whose personality traits either predict
many offline (real world) friends or predict propensity to
maintain superficial relationships. We find that the predictor
for number of friends in the real world (Extraversion) is also
a predictor for number of Facebook contacts. We then test
whether people who have many social contacts on Facebook
are the ones who are able to adapt themselves to new forms
of communication, present themselves in likable ways, and
have propensity to maintain superficial relationships. We
show that there is no statistical evidence to support such a
conjecture.

General Terms
Measurement, Theory, Verification

ACM Classification Keywords
J.4 Computer Applications: Social and Behavioral Sciences.

INTRODUCTION
There is no definite answer to the question of whether digital
representations of ourselves on Facebook can capture much
about human social relations. This question is important
yet difficult to measure. Literary intellectuals and scientists
alike have recently debated that question and have formed
two camps. Members of the first argue that Facebook sim-
ply supplements traditional forms of communications (e.g.,
text messages, face-to-face contacts) and additionally helps
to maintain weak and loose ties [8, 36]. This implies that
people are doing online what they have been already doing
offline, with the only difference that coordination and com-
munication costs online are lower [48].

Members of the second camp argue, instead, that social-
networking sites create and promote radically new forms of
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communication. Jaron Lanier, for example, thinks that com-
munication on Facebook is inherently “self-reduced” [34].
On signing up, users are asked to fill in a questionnaire in
which they should specify, for instance, what they looking
for; that is, whether they are looking for ‘friendship’, ‘dat-
ing’, ‘relationship’, or ‘networking’. Those are the avail-
able conditions in Facebook world, and no other condition is
available. In the same vein, a large body of academic work is
coming round the idea that design decisions have profound
implications on people’s social capital and well-being [6, 16,
26]. For example, Burke et al. found that directed communi-
cation among Facebook users is associated with greater feel-
ings of bonding social capital and lower loneliness [7]. Sur-
prisingly, they also found that users who passively consume
greater levels of content report reduced bridging and bond-
ing social capital and increased loneliness. These findings
might consequently suggest that designing a social media
site that emphasizes content consumption over peer interac-
tions would accommodate specific user needs. Worryingly,
design decisions are often taken by a very small number of
technologists and impact what gets broadcasted between half
a billion Facebook social contacts.

There is a corollary to the two camps’ arguments: users who
will become popular on Facebook are the ones who are able
(have the “right” personality) to either attract many friends
offline or “reduce” themselves in order to make their Face-
book profiles appear more likable. This corollary reflects
two extreme viewpoints but, in reality, this dichotomy might
not be strict: offline and online friendship creation might
well be both affected by similar factors such as being skilled
at social interaction (e.g., self-presentation) or being moti-
vated by social status. To verify the extent to which this is
true, we study popularity (defined as number of social con-
tacts) on Facebook. As we shall see in Section “Related
Work”, one widely-used measure of sociometric popularity
in the literature is number of friends, but this measure has
been predominantly studied at a small scale. We analyze
data from a Facebook application (named myPersonality)
that offers its users a set of genuine personality tests and re-
searchers access to high quality and representative samples
that are comparable or better than traditional samples used
in psychology research (Section “MyPersonality”). We test
two competing ideas that explain creation of Facebook con-
tacts by comparing two personality traits related to offline
friend creation - Extraversion and Neuroticism - and one trait
related to “reducing” oneself online - self-monitoring. In so
doing, we make the following contributions:
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• We study the relationship between number of contacts and
personality traits that are typically associated with offline
popularity, i.e., with high number of real-world friends
(Section “Traditional Explanation”). We build a simple
linear regression model that predicts number of contacts
based on the ‘big five’ standard personality traits. Sim-
ilar to what holds for offline friends, we find that also
number of Facebook contacts is positively associated with
Extraversion and negatively with Neuroticism. Our anal-
ysis shows that Extraversion is a predictor (albeit weak)
for number of social contacts. Interestingly, despite weak
individual-to-individual correlations, we find that a linear
relationship between number of contacts and Extraversion
is borne out extremely cleanly at population level.

• We also study the relationship between number of social
contacts and a personality trait called “Self-monitoring”
that predicts the ability of individuals to present them-
selves in likable ways and maintain superficial relation-
ships (Section “Alternative Explanation”). We find that
the relationship between number of contacts and
self-monitoring is statistically negligible, if one controls
for Extraversion. More specifically, based on partial cor-
relations, one concludes that, if Extraversion is controlled
for, self-monitoring does not explain number of contacts;
by contrast, if self-monitoring is controlled for, Extraver-
sion does explain number of contacts.

• We finally discuss theoretical implications of our findings
on personality research and practical implications for vi-
ral marketing and social media security (Section “Impli-
cations”).

RELATED WORK
Social-networking sites such as Facebook not only support
the maintenance of existing social ties and the formation
of new ones (as Ellison et al. has found in the US [16]
and Lewis and West in the UK [36]) but they also impact
how profile owners are socially judged in the real world.
Researchers have studied the factors that might influence
the perception (including popularity) of a profile. The most
obvious factor is the profile itself. In 2007, Kleck et al.
found that even just the number of social contacts shown
on one’s Facebook profile triggers positive social judgments
in terms of popularity, pleasantness, heterosexual appeal,
and confidence [32]. A year later, Tong et al. conducted
a study among 153 US undergraduates and found that the
relationship between Facebook friend count and positive so-
cial judgment is not linear (the bigger one’s count, the more
positive he/she is judged to be) but quadratic: beyond a cer-
tain number (typically 300), friend count may reach a point
of incredulity or foolishness [52]. By contrast, in 2010,
Utz conducted a similar experiment among 124 users of the
largest Dutch social-networking site and found no evidence
of any linear or quadratic relationship: positive social judg-
ment (e.g., perceived extroversion) was only weakly related
to friend count. One important difference between Tong et
al.’s study and Utz’s is that the subjects in the first study had
almost twice as many social contacts as the subjects in the
second.

How a profile is perceived depends not only on the pro-
file itself but also on who views the profile. Gogolinski
recently created two fictitious Facebook pages that differed
from amount and type of information they displayed [18].
She showed the two profiles to 134 US undergraduates and
found that the way the profiles are perceived changed de-
pending on the viewer’s personality: lower self-monitors pre-
ferred the less detailed and more cautious profile, while higher
self-monitors preferred the more detailed and generous pro-
file. The problem is that the subjects in this study were
largely women enrolled in undergraduate courses. It is not
clear whether men and, more generally, individuals of differ-
ent generations would hold the same view. More recently,
for 167 Facebook users, Golbeck et al. successfully pre-
dicted these users’ five personality traits (which we will de-
scribe in Section “The Big Five”) out of their personal in-
formation and posts [19]. In Section “Discussion”, we will
spell out how our work extends Golbeck et al. ’s.

This brief literature review has offered contrasting results
that are telling examples of how hard it is to generalize any
finding upon a very limited and biased sample of users, largely
few hundreds of undergraduates of WEIRD (White, Edu-
cated, Industrialized, Rich, and Democratic) countries [25].
Also, personality research of social-networking users has
long suffered from a severe measurement problem: person-
ality information is hard to measure, especially at scale, over
time, and at the same time as unobtrusively observing user
behavior.

It thus seems that a new way of measuring personality in-
formation of social-networking users is needed. Ideally, this
new way should use well-establish tests to record personality
scores of unbiased and large samples of users whose behav-
ioral measures are recorded directly as the users are on the
social-networking site.

MYPERSONALITY

myPersonality is a Facebook application that users install to
take a variety of genuine personality and ability tests (Fig-
ure 1). Users can also opt in and give their consent to share
their personality scores and profile information, and around
40% of its 5.5 million users choose to do so. The problem
with any web-based survey (including myPersonality) could
be that users might respond in a careless, dishonest, or mis-
chievous way, and that might compromise data validity [5,
46]. So it is worth emphasizing the measures that myPerson-
ality undertakes to assure the highest quality of its databases:

1. The right incentives for participants are in place. As op-
posed to what often takes place in traditional research,
subjects are not paid nor receive college credits. myPer-
sonality users are solely motivated by the prospect of re-
ceiving reliable feedback and test results that accurately
describe their personalities. Respondents can leave as many
questions unanswered as they like (while researchers can
easily discard tests with unanswered questions).

2. Unreliable results are removed. Numerous validity tests
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Figure 1. Part of the myPersonality user interface.

are applied to remove the protocols that may be a prod-
uct of inattentive, language incompetent, or randomly re-
sponding individuals. Consequently, the quality of the
responses in our sample is at least as high as in tradi-
tional pen-and-paper studies. This is demonstrated by the
scales’ reliabilities which are on average higher in myPer-
sonality samples than reported in test manuals1. Addi-
tionally, the discriminant validity of myPersonality sam-
ple (average r = .16) is better than one obtained using
traditional samples (average r = .20 [29]).

After ensuring the right incentives are in place and removing
unreliable results, myPersonality is able to obtain test results
that are more reliable than those in pen-and-paper studies.
Also, compared to pen-and-paper studies published in the
highly-regarded Journal of Personality and Social Psychol-
ogy (JPSP) in 2002 [22], myPersonality users are far less
biased than those studies’ subjects for gender, age, and geog-
raphy. However, our dataset has its own limitations and we
will later discuss those that are specific to our study (Section
“Discussion”).

TRADITIONAL EXPLANATION
Having this data at hand, we are able to study the relation-
ship between personality and Facebook popularity. Previous
research suggests that personality influences both offline and
online activities [23]. So it is reasonable to test whether per-
sonality traits that predict popularity offline would also pre-
dict popularity online.

The Big Five
The five-factor model of personality, or the big five, con-
sists of a comprehensive and reliable set of personality con-
cepts [10, 20]. The idea is that an individual can be associ-
ated with five scores that correspond to five main personality
traits. Table 1 lists the big five personality traits along with
descriptive terms that are typically associated with them.
Personality traits predict a number of real-world behaviors.
They, for example, are strong predictors of how marriages
1http://www.mypersonality.org/wiki/

Personality Trait
High scorers Low scorers

Openness Imaginative Conventional
Conscientiousness Organized Spontaneous
Extraversion Outgoing Solitary
Agreeableness Trusting Competitive
Neuroticism Prone to stress

and worry
Emotionally
stable

Table 1. The big five personality dimensions.

turn out: if one of the partner is high in Neuroticism, then
divorce is more likely. “People high in Extraversion really
do talk a lot . . . When asked to think about or view some-
thing stressful and unpleasant, people high in Neuroticism
really do become more upset than people low in Neuroti-
cism. When people high in Agreeableness listen to stories,
they really do pay more attention to the mental states of the
characters than those low in Agreeableness” [41].

Research has consistently shown that people’s scores are sta-
ble over time (they do not depend on quirks and accidents of
mood) and correlate well with how others close to them (e.g.,
friends) see them [41].

Since the 1980s, the relationship between popularity and the
big five personality traits has been widely studied. Individ-
uals who are more outgoing and social (Extraverted) tend to
report greater numbers of people in their social network [51]:
they are more inclined to approach others and are more likely
to receive/give social support as compared to more intro-
verted individuals [4].

Next, we will consider the (big) five personality trait and
their relationships with popularity and, more generally, with
social support.

The trait of Extraversion is associated with descriptive terms
such as sociability, activity, and excitement seeking. Indi-
viduals higher in Extraversion tend to report larger social
networks, greater contact with network members, lower
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Personality Trait
r

Openness 0.013
Conscientiousness 0.018
Extraversion 0.2
Agreeableness 0.039
Neuroticism -0.068
Sex 0.012
Age -0.154

Table 2. (Pearson) correlation coefficients between the logarithm of
the number of social contacts and each of the big five personality traits,
Sex and Age, as measured in the large dataset (172, 952 users).

number of conflicts, and greater social status [2, 3, 24,
47, 51]

The trait of Neuroticism is associated with descriptive terms
such as emotional liability and impulsiveness. Individu-
als high in Neuroticism are prone to more negative mood
states (e.g., anxiety, depression), tend to withdraw from
other during times of stress [35, 39, 43], and generally
report less satisfaction with the support received by their
social networks [30, 31].

The trait of Agreeableness is associated with descriptive
terms such as trusting, altruistic and tender-minded. Re-
search has shown that individuals who are high in Agree-
ableness are motivated to maintain positive relationships
with others [28]. However, less is known about the rela-
tionship between Agreeableness and structural social sup-
port (e.g., network size, contact with network members).

The trait of Conscientiousness is associated with descrip-
tive terms such as ambitious, resourceful and persistent.
It is not clear the relationship between Conscientiousness
and number of friends or, more generally, social support:
although social support is available to those high in Con-
scientiousness, given their competence and resourceful-
ness, they may simply not require as much support from
others [12, 38].

The trait of Openness is associated with descriptive terms
such as imaginative, spontaneous, and adventurous. Open-
ness has been found to be positively associated with net-
work size (r = 0.23) [50]. More generally, studies about
the relationship between Openness and social support have
been inconsistent.

To recap, the trait of Extraversion has been found to be as-
sociated with number of real-world friends and with struc-
tural measures of social support, including network size and
contact with network members. Instead, Neuroticism has
been associated with negative social interactions. Finally,
the findings for the traits of Agreeableness, Conscientious-
ness and Openness are inconsistent.

Results
We take a sample of 172, 952 Facebook users who live in the
United States2 and have taken the big five personality test,
2In Section “Discussion”, we detail why we have chosen users
from a single country.
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Figure 2. Probability distributions of age (left) and number of friends
(right).

Variables
β t-test β t-test

Openness -0.031 -12.6 - -
Conscientiousness 0.004 1.5 - -
Extraversion 0.174 79.7 0.171 79.8
Agreeableness 0.013 5.1 - -
Neuroticism 0.005 2 0 0
Sex 0.005 1.4 - -
Age -0.015 -64.5 -0.014 -64.7

Table 3. Prediction model for number of friends. (left) A linear re-
gression model between log(k) and the big five personality scores, plus
Sex and Age. (right) A linear regression model between log(k) and
Extraversion, Neuroticism and Age. The table reports t test statistics
rather than p-value because, in this case, t test statistics reflect statis-
tical significance of variables better than p-value. In fact, in the linear
regression on the left side: Openness, Extraversion, Agreeableness and
Age have all p-value< 10−4. Openness and Agreeableness are not sig-
nificant for the prediction.

whose number of social contacts is between 30 and 1000 and
whose age is comprised between 18 and 54. This group is
composed of 103, 482 women (60%) and 69, 470 men (40%)
with a median age of 23. Figure 2 plots their age and degree
distributions. Our analysis unfolds in three steps:

1. Determine relevant predictors for number of Facebook
contacts. We study the relationship between personality
traits and the logarithm log(k) of the number of social
contacts. We are interested in the logarithm rather than
the number of social contacts simply because of the large
variability of number of contacts (right graph in Figure 2).
The five traits are all normally distributed, suggesting the
lack of selection bias among our subjects. We study the
Pearson product-moment correlation between log(k) and
each of the (big) five personality traits, plus two addi-
tional attributes, namely sex and age. Pearson’s correla-
tion r ∈ [−1, 1] is a measure of the linear relationship
between two random variables. Table 2 summarizes the
results. Weak correlations are found with Extraversion
(0.2), as expected, and with Age (−0.154). The latter
indicates that older individuals tend to have significantly
fewer Facebook contacts than younger ones. Among the
remaining personality traits, Neuroticism (−0.068) has a
very weak negative correlation with log(k). These corre-
lations and corresponding magnitudes are consistent with
previous research about both offline and online popularity.

2. Determine the statistical significance of the predictors.
Since Pearson correlation coefficients are low, it might be
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worth checking the statistical significance of each predic-
tor. To this end, we build a regression model that predicts
log(k) based on the previous variables. That is, we model
the logarithm of number of friends as a linear combination
of the big five personality scores, plus Sex and Age:

log(ki) = α+
5∑

l=1

βlRl;i + βSSi + βAAi + εi

In the previous equation, ki is user i’s number of contacts,
Ri is a vector that contains user i’ big five personality
scores, Si is i’s Sex (0 if female or 1 if male), Ai i’s Age
and εi is the error term. The extent to which the regres-
sion predicts log(ki) is reflected in a measure called R2 -
the higher R2, the better the fit of the model. In this case,
R2 = 0.064, which is small. However, to understand the
statistically significance of each predictor, one examines
the predictor’s t statistic - the higher in absolute value, the
more significant the predictor. From Table 3, we learn that
Extraversion and Age have the highest t statistics. This
implies that, to model the logarithm of number of Face-
book contacts, Extraversion and Age are sufficient. This
hypothesis is verified by checking that the addition of any
other variable in the regression (e.g., Neuroticism, Open-
ness) does not improve results (R2 remains roughly the
same).

3. Determine the nature of the linear relationships of pre-
dictors. We now know that Extraversion is the personality
trait that correlates with the logarithm of Facebook con-
tacts. However, since R2 (the model’s predictive power)
is small, it is not clear yet to which extent the relation-
ship between the logarithm and Extraversion is linear. To
find this out, we segment our users in 40 bins depending
on their number of social contacts (depending on log(k))
and we measure the average personality score for each
of the (big) five traits in each bin. Interestingly, despite
high individual-to-individual variability reflected in our
R2, the linear relationship between log(k) and Extraver-
sion is borne out extremely cleanly by the aggregate data
(Figure 3). Also, people at the extremes of the Extraver-
sion scale greatly differ for number of contacts: extreme
extroverts are expected to have two times as many con-
tacts as extreme introverts.

ALTERNATIVE EXPLANATION
So far we have assumed that the meaning of friendship on
Facebook is comparable to that in the real-world, but friend-
ship on Facebook does not always have traditional connota-
tions. Research suggests that an individual can maintain 10-
20 close relationships [44] and 150 social relationships [15].
An average Facebook user has 130 friends3, which is close to
the “default” size of the social group for humans [15]. How-
ever, Facebook friendships do not simply mirror offline rela-
tionships. While some Facebook friendships may represent
real life strong ties, others might be more superficial links
between acquaintances. Indeed, Jaron Lanier writes [34]:

“The most effective young Facebook users - the ones
3http://www.facebook.com/press/info.php?statistics
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who will probably be winners if Facebook turns out to
be a model of the future they will inhabit as adults -
are the ones who create successful online fictions about
themselves.

They must manage offhand remarks and track candid
snapshots as carefully as politician. Insincerity is re-
warded, while sincerity creates lifelong taints. Cer-
tainly, some version of this principle existed in the lives
of teenagers before the web came along, but not with
such unyielding, clinical precision.”

In Section “Related Work”, we have seen that one’s profile
impacts one’s ability to attract social contacts. Hence it is
reasonable to posit that users who are able to adapt to new
forms of ‘self-presentation’ are likely to become popular. To
test whether this is true, we need a personality trait associ-
ated with the way people present themselves.

Self-monitoring
In 1974, Mark Snyder realized that personality research had
failed to consider that some people’s personalities are more
‘fluid’ than others’. Hence, he conducted in-depth inter-
views and found that some people are more prone to pick
up on social cues and adjust how they act and how they
are perceived by others. He called such individuals ‘high
self-monitors’ [49]. High self-monitors tended to agree with
statements like “I can make impromptu speeches even on
topics about which I have almost no information”. By con-
trast, low self-monitors tended to agree with statements such
as “I find it hard to imitate the behavior of other people” and
“I have trouble changing behavior to suit different people
and different situations”.

Snyder also found that high self-monitors had distinct at-
tributes. They had unusual ability to pick up social cues and
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modulate their emotional expression; to quickly learn what
behaviors were appropriate in various situations; and to eas-
ily manage the perceptions of others.

Although high self-monitors modulate their behavior to fit
the situation, they do not actively manipulate others to get
people to like them but are actually just as genuine and prin-
cipled as low self-monitors. They just pick on social cues
in an unconscious effort to establish a genuine connection
with others. For example, it has been shown that high self-
monitors mirror their peers’ body languages without even
realizing they are doing so [9].

The end result is that a high self-monitor modifies his/her
behavior (and self-presentation) to fit the situation and the
people in it, while a low-self monitor does not try to alter
behavior very much across situations. Successful politicians,
for example, tend to be high self-monitors [40].

High self-monitors modify their behavior not only offline but
also online. In 2008, Lin studied the personal pages cre-
ated by users of web portals [37]. He found that high self-
monitors would display limited and generic information on
their pages to represent themselves in likable ways, while
low self-monitors would display more personal and in-depth
information to accurately portray themselves. More recently,
it has been shown that the same holds for Facebook [18]:
high self-monitors tend to have less detailed and more cau-
tious pages, while low self-monitors prefer more detailed
pages.

Results
We take a sample of 2, 165 users who live in the United
States and have taken not only the big five personality test
but also the self-monitoring test. Those users have a number
of social contacts between 30 and 1000, with the same age
interval as in the large dataset studied in the previous sec-
tion. Compared to the large dataset, the correlations with the
big five traits are similar (Table 4) and the regression with all
variables has R2 = 0.041. The only new result is that there
is a weak correlation between log(k) and self-monitoring
(r = 0.089). It follows that self-monitoring could help to
predict log(k). To see the extent to which it does so, we
build a linear regression with Extraversion alone. We find
that the addition of self-monitoring to the regression does
only marginally improve the regression’s predictions (R2

goes from 0.037 to 0.038). That is simply because there
is a strong interaction effect between self-monitoring and
Extraversion (r = 0.312 between the two): if a regression
model has Extraversion, then it would not improve its pre-
diction by adding self-monitoring, as the two variables are
strongly related. We conclude that self-monitoring does not
contribute in explaining the number of Facebook contacts.
This argument is also supported by the low value of self-
monitoring for the t statistic (Table 4).

Also, the lack of direct dependence of log(k) on
self-monitoring (SM ) and its dependence on Extraversion
(E) are also confirmed by partial correlations. By construc-
tion, partial correlations measure the degree of association

Variables
r β t-test

Openness 0.038 -0.013 - 0.5
Conscientiousness 0.052 0.02 0.9
Extraversion 0.191 0.155 7.5
Agreeableness 0.04 0.01 0.4
Neuroticism -0.069 0.005 0.3
Age -0.045 - 0.006 -2.9
Self-monitoring 0.089 -0.014 1.3

Table 4. (left) Correlation coefficients between log(k) and each of the
big five personality traits, Age and self-monitoring, as measured in the
small dataset (2, 165 users). (right) A linear regression model between
log(k) and the same variables.

between two random variables by controlling for the effect
of a third variable. We compute two correlations and obtain
r(log(k), E|SM) = 0.16 (with p < 10−5), and
r(log(k), SM |E) = 0.03 (with p = 0.17). The compari-
son of these two correlations clearly confirms our interpreta-
tion that self-monitoring is mainly correlated to log(k) due
to its association to Extraversion. Finally, there is no correla-
tion between self-monitoring and any of the four personality
traits other than Extraversion.

DISCUSSION
We will now discuss the limitations of our dataset and our
study, the novelty of our big five study, and the theoretical
and practical implications.

Limitations of personality data. All users of myPersonal-
ity choose to participate motivated primarily by the prospect
of taking and receiving feedback from a high quality per-
sonality questionnaire used in actual scientific research. Al-
though this encourages them to respond to the questions ac-
curately and honestly, it means that the sample is a conve-
nience sample of self-selected users interested in their per-
sonality, and so the results may not represent the Facebook
population as a whole. For example, the number of contacts
for the average myPersonality user is 194 whereas Facebook
reports an average of 1304. This is most likely because num-
ber of Facebook contacts is confounded by Facebook activ-
ity, and active Facebook users are more likely to use appli-
cations. In future, Facebook activity should be controlled
for, although this information is not available automatically
from Facebook’s API. Nevertheless, there are reasons to be
confident in our conclusions. First, the demographic and ge-
ographic distribution of myPersonality users is closer to that
of the general population than that reported in social psy-
chology studies which typically rely on undergraduates [22].
Second, our results concentrate on the relationships between
personality and number of Facebook contacts, so any sam-
pling bias would have to affect this relationship, and it is
unclear why application users would have a different asso-
ciation between personality and number of contacts than the
general Facebook population.

4http://www.facebook.com/press/info.php?statistics
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Limitation of our study. The only variable under study has
been number of contacts, and that is because it is the only
unbiased network metric readily-available from our appli-
cation. Ideally, we would have included other variables of
interest, but those variables either have not been captured
because of technical limitations imposed by Facebook (e.g.,
frequency of interaction among users) or are biased if taken
at face value (e.g., since we do not have information about
non-myPersonality users, one’s network clustering coeffi-
cient could be computed, but only upon a biased network
that contains myPersonality users and excludes
non-myPersonality ones). We are currently exploring tech-
niques that would allow us to reduce such biases or, at least,
quantify them.

Novelty of the Big Five Study. In section “Traditional Ex-
planation”, we have analyzed the results for the Big Five test,
and Golbeck et al. have already done so [19]. We build upon
their work in that we use the same (data analysis) methodol-
ogy and extend previous experimental results as follows:

• The results in Golbeck et al.’s work are about 167 partic-
ipants, 82.6% (138) of whom are from the United States
and the remaining subjects come from India (8), Australia
(7), Italy (7), and others (7). Our results are about 172,952
subjects in United States. We chose subjects from a sin-
gle country for two main reasons. First, our test is the
commonly-used US version of the Big Five test. Sec-
ond, the Big Five factors were found to function differ-
ently across samples from different countries: although
the same traits may exist in different cultures, there is a
large bias at the metric and scalar levels of analysis across
cultures [42]. Therefore, mean-level cross-cultural com-
parisons should be done only after ensuring measurement
equivalence. To interpret our results correctly, we have
users from the United States - the country from which we
had the most representative sample.

• In our study, all the five personality traits have statisti-
cally significant (albeit weak) correlations. Furthermore,
age is an additional factor that shows a statistically sig-
nificant correlation and its magnitude reflects a weak yet
important correlation as it is comparable to that with Ex-
traversion. Also, the correlation is negative (i.e., younger
people tend to have more social contacts on Facebook).
By contrast, the opposite holds in Twitter: we have stud-
ied the personality of Twitter users and have found a pos-
itive correlation between number of followers/following
and age [45]. These contrasting results reflect the differ-
ent user demographics in the two platforms and reflects
the importance of controlling for age.

• In line with previous work, our individual-to-individual
correlations are all weak. Yet, at population-level, we re-
port, for the first time, a clear linear relationship between
number of contacts and Extraversion (Figure 3).

Theoretical Implications. It is important to study the na-
ture of Facebook relations, not least because they do not stay

confined online but do impact access to real-world opportu-
nities. They have been shown, for example, to: (1) Increase
social capital: A large number of weak social ties on Face-
book becomes a source of social capital [16]; (2) Trigger
positive social judgments in the real world: Just the number
of social contacts on one’s Facebook profile triggers posi-
tive social judgments in terms of popularity, pleasantness,
heterosexual appeal, and confidence [32].

By studying the self-monitoring trait and the big five person-
ality traits, we have tried to understand the nature of Face-
book relationships and have asked whether they are either
superficial (typical of high self-monitoring individuals) or
“real” (individuals who are high in Extraversion and low in
Neuroticism typically have a large number of offline friends).
As our Introduction has exemplified, the dichotomy real vs.
superficial has been widely debated, but we have now par-
tially quantified it. Extraversion is not only weakly corre-
lated with number of online social contacts (as it is with
number of offline friends), but its relationship with number
of contacts is also strongly linear (Figure 3). By contract,
self-monitoring, which correlates with superficial relation-
ships in the real world, does not have any explanatory power
for number of contacts.
Practical Implications. Past research has shown that, from
textual content accessible (e.g., blog posts, Facebook pages
dedicated to brands), one could infer personality
scores [19, 21, 33, 54]. We have shown that, from those
scores, one is then able to partially predict the number of
social contacts on Facebook based on the three variables Ex-
traversion, Age, and Neuroticism. If we then build a simple
Naive Bayesian model with those three variables, we find
that we are able to predict whether Facebook users are likely
to be social hubs or poorly-connected. More specifically,
if we define all user with number of social contacts in the
range [500, 1000] to be social hubs and perform a 10-fold
cross-validation on the big dataset (that of Section “Tradi-
tional Explanation”), we obtain that 83.68% of the social
hubs are correctly classified by the model. The ability to
identify social hubs may benefit a variety of individuals such
as:

Social Media Marketers. Those individuals are interested
in identifying social hubs and poorly-connected users in
order to:

• Launch marketing campaigns that, to be successful,
either target few social hubs [14] or many poorly-
connected individuals who are passionate about cer-
tain brands and have spare time at
hand [13].

• Measure brand awareness. Marketing agencies often
measure, for a given brand, the quality of a commu-
nity around it and they do so based on the presence
of social hubs in that community [1].

Phishing Attackers. Those individuals are interested in avoid-
ing social hubs and finding poorly-connected users who
tend to be more gullible and less technological-savvy than
typical Internet users [27].
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Those examples not only point to the use of public data
for questionable (marketing) reasons but also inform two
research areas other than personality research. First, they
inform the privacy literature in that our results might raise
awareness among online users about the privacy-sensitive
predictions that are possible from publicly-available data.
This is similar to Crandall et al.’s very recent work, which
showed that, from publicly available geo-referenced Flickr
pictures, one is able to infer several coincidences (eg, two
people taking picture at the same place at the same time)
that in turn reveal people’s personal social contacts [11].
More importantly, in addition to raise awareness around pri-
vacy issues, our findings might well inform the design of
new privacy protection mechanisms. Having the necessary
means to identify the social-networking users who are likely
to be targeted by viral campaigns or phishing attacks, one
could design feedback mechanisms for those targets. That
is important not only for underage targets (e.g., for design-
ing child protection mechanisms) but for targets of any de-
mographic. That is largely because, although feedback on
“who views what” has been shown to be a central element
for helping people manage their privacy, social-networking
sites currently provide very little of it [53].

The second area is social network modeling. Our research
suggests that people are not alike in that they have different
tendencies of attracting attention/creating links and, conse-
quently, adding hidden properties such as personality traits
could be crucial for modeling online social networks in real-
istic ways.

CONCLUSION
Creators of social-networking sites make specific design
choices and those choices may impact the way people com-
municate on those sites. Facebook, for example, allows its
users to ‘poke’ social contacts or to exchange personal trivia.
However, based on that, one cannot conclude that Facebook
is surely “reconfiguring” our ways of communicating with
each other or that “the most effective young Facebook users
. . . are the ones who create successful online fictions about
themselves” [34]. Those are seemingly reasonable specu-
lations for which, unfortunately, we found little evidence.
Popular Facebook users tend to have the same personality
as popular people in the real world, suggesting that the na-
ture of online interactions does not significantly differ from
that of real world interactions. So, if design choices were
made by Facebook creators, then those choices had little im-
pact on which personality traits determine popularity. We
could speculate that it is more likely that Facebook users
simply devise their own patterns and structures within sta-
tus/comment free-form fields outside the narrow creators’
original straitjackets. If that is the case, to explain interac-
tions on social-networking sites, the words of William Gib-
son might have been more apt: “The street finds its own uses
for things” [17].
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