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We show that easily accessible digital records of behavior, Facebook
Likes, can be used to automatically and accurately predict a range
of highly sensitive personal attributes including: sexual orienta-
tion, ethnicity, religious and political views, personality traits,
intelligence, happiness, use of addictive substances, parental sepa-
ration, age, and gender. The analysis presented is based on a dataset
of over 58,000 volunteers who provided their Facebook Likes,
detailed demographic profiles, and the results of several psychomet-
ric tests. The proposed model uses dimensionality reduction for
preprocessing the Likes data, which are then entered into logistic/
linear regression to predict individual psychodemographic profiles
from Likes. The model correctly discriminates between homosexual
and heterosexual men in 88% of cases, African Americans and
Caucasian Americans in 95% of cases, and between Democrat and
Republican in 85% of cases. For the personality trait “Openness,”
prediction accuracy is close to the test-retest accuracy of a standard
personality test. We give examples of associations between attri-
butes and Likes and discuss implications for online personalization
and privacy.

social networks | computational social science | machine learning |
big data | data mining | psychological assessment

growing proportion of human activities, such as social

interactions, entertainment, shopping, and gathering in-
formation, are now mediated by digital services and devices. Such
digitally mediated behaviors can easily be recorded and analyzed,
fueling the emergence of computational social science (1) and new
services such as personalized search engines, recommender systems
(2), and targeted online marketing (3). However, the widespread
availability of extensive records of individual behavior, together
with the desire to learn more about customers and citizens, presents
serious challenges related to privacy and data ownership (4, 5).

We distinguish between data that are actually recorded and in-
formation that can be statistically predicted from such records.
People may choose not to reveal certain pieces of information
about their lives, such as their sexual orientation or age, and yet this
information might be predicted in a statistical sense from other
aspects of their lives that they do reveal. For example, a major US
retail network used customer shopping records to predict preg-
nancies of its female customers and send them well-timed and well-
targeted offers (6). In some contexts, an unexpected flood of
vouchers for prenatal vitamins and maternity clothing may be
welcome, but it could also lead to a tragic outcome, e.g., by re-
vealing (or incorrectly suggesting) a pregnancy of an unmarried
woman to her family in a culture where this is unacceptable (7). As
this example shows, predicting personal information to improve
products, services, and targeting can also lead to dangerous inva-
sions of privacy.

Predicting individual traits and attributes based on various cues,
such as samples of written text (8), answers to a psychometric test
(9), or the appearance of spaces people inhabit (10), has a long
history. Human migration to digital environment renders it pos-
sible to base such predictions on digital records of human behavior.
It has been shown that age, gender, occupation, education level,
and even personality can be predicted from people’s Web site
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browsing logs (11-15). Similarly, it has been shown that personality
can be predicted based on the contents of personal Web sites (16),
music collections (17), properties of Facebook or Twitter profiles
such as the number of friends or the density of friendship networks
(18-21), or language used by their users (22). Furthermore, loca-
tion within a friendship network at Facebook was shown to be
predictive of sexual orientation (23).

This study demonstrates the degree to which relatively basic
digital records of human behavior can be used to automatically
and accurately estimate a wide range of personal attributes that
people would typically assume to be private. The study is based
on Facebook Likes, a mechanism used by Facebook users to
express their positive association with (or “Like”) online content,
such as photos, friends’ status updates, Facebook pages of prod-
ucts, sports, musicians, books, restaurants, or popular Web sites.
Likes represent a very generic class of digital records, similar to
Web search queries, Web browsing histories, and credit card
purchases. For example, observing users’ Likes related to music
provides similar information to observing records of songs listened
to online, songs and artists searched for using a Web search en-
gine, or subscriptions to related Twitter channels. In contrast to
these other sources of information, Facebook Likes are unusual in
that they are currently publicly available by default. However,
those other digital records are still available to numerous parties
(e.g., governments, developers of Web browsers, search engines,
or Facebook applications), and, hence, similar predictions are
unlikely to be limited to the Facebook environment.

The design of the study is presented in Fig. 1. We selected traits
and attributes that reveal how accurate and potentially intrusive
such a predictive analysis can be, including “sexual orientation,”
“ethnic origin,” “political views,” “religion,” “personality,” “in-
telligence,” “satisfaction with life” (SWL), substance use (“alco-
hol,” “drugs,” “cigarettes”), “whether an individual’s parents
stayed together until the individual was 21 y old,” and basic de-
mographic attributes such as “age,” “gender,” “relationship sta-
tus,” and “size and density of the friendship network.” Five Factor
Model (9) personality scores (n = 54,373) were established using
the International Personality Item Pool (IPIP) questionnaire with
20 items (25). Intelligence (n = 1,350) was measured using
Raven’s Standard Progressive Matrices (SPM) (26), and SWL
(n = 2,340) was measured using the SWL Scale (27). Age (n =
52,700; average, p = 25.6; SD = 10), gender (n = 57,505; 62%
female), relationship status (“single”/“in relationship”; n = 46,027,
49% single), political views (“Liberal”/“Conservative”; n = 9,752;
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The study is based on a sample of 58,466 volunteers from the United States, obtained through the myPersonality Facebook application (www.mypersonality.

org/wiki), which included their Facebook profile information, a list of their Likes (n = 170 Likes per person on average), psychometric test scores, and survey in-
formation. Users and their Likes were represented as a sparse user-Like matrix, the entries of which were set to 1 if there existed an association between a user and
a Like and 0 otherwise. The dimensionality of the user-Like matrix was reduced using singular-value decomposition (SVD) (24). Numeric variables such as age or
intelligence were predicted using a linear regression model, whereas dichotomous variables such as gender or sexual orientation were predicted using logistic
regression. In both cases, we applied 10-fold cross-validation and used the k = 100 top SVD components. For sexual orientation, parents’ relationship status, and drug
consumption only k = 30 top SVD components were used because of the smaller number of users for which this information was available.

65% Liberal), religion (“Muslim”/“Christian”; n = 18,833; 90%
Christian), and the Facebook social network information [n =
17,601; median size, X = 204; interquartile range (IQR), 206;
median density, X = 0.03; IQR, 0.03] were obtained from users’
Facebook profiles. Users’ consumption of alcohol (n = 1,196;
50% drink), drugs (n = 856; 21% take drugs), and cigarettes (n =
1211; 30% smoke) and whether a user’s parents stayed together
until the user was 21 y old (n = 766; 56% stayed together) were
recorded using online surveys. Visual inspection of profile pic-
tures was used to assign ethnic origin to a randomly selected
subsample of users (n = 7,000; 73% Caucasian; 14% African
American; 13% others). Sexual orientation was assigned using the
Facebook profile “Interested in” field; users interested only in
others of the same sex were labeled as homosexual (4.3% males;
2.4% females), whereas those interested in users of the opposite
gender were labeled as heterosexual.

Results

Prediction of Dichotomous Variables. Fig. 2 shows the prediction
accuracy of dichotomous variables expressed in terms of the area
under the receiver-operating characteristic curve (AUC), which is
equivalent to the probability of correctly classifying two randomly
selected users one from each class (e.g., male and female). The
highest accuracy was achieved for ethnic origin and gender. African
Americans and Caucasian Americans were correctly classified in
95% of cases, and males and females were correctly classified in
93% of cases, suggesting that patterns of online behavior as
expressed by Likes significantly differ between those groups
allowing for nearly perfect classification.

Christians and Muslims were correctly classified in 82% of cases,
and similar results were achieved for Democrats and Republicans
(85%). Sexual orientation was easier to distinguish among males
(88%) than females (75%), which may suggest a wider behavioral
divide (as observed from online behavior) between hetero- and
homosexual males.

Good prediction accuracy was achieved for relationship status
and substance use (between 65% and 73%). The relatively lower
accuracy for relationship status may be explained by its temporal
variability compared with other dichotomous variables (e.g.,
gender or sexual orientation).

The model’s accuracy was lowest (60%) when inferring whether
users’ parents stayed together or separated before users were 21y
old. Although it is known that parental divorce does have long-
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term effects on young adults’ well-being (28), it is remarkable that
this is detectable through their Facebook Likes. Individuals
with parents who separated have a higher probability of liking
statements preoccupied with relationships, such as “If I'm with
you then I'm with you I don’t want anybody else” (Table S1).

Single vs.
In Relationship

Parents together at 21
Smokes Cigarettes
Drinks Alcohol

Uses drugs

Caucasian vs.
African American

Christianity vs. Islam

Democrat vs.
Republican

Gay
Lesbian

Gender

I ] ] ] 1
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Fig. 2. Prediction accuracy of classification for dichotomous/dichotomized
attributes expressed by the AUC.
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Fig. 3. Prediction accuracy of regression for numeric attributes and traits
expressed by the Pearson correlation coefficient between predicted and ac-
tual attribute values; all correlations are significant at the P < 0.001 level. The
transparent bars indicate the questionnaire’s baseline accuracy, expressed in
terms of test-retest reliability.

Prediction of Numeric Variables. Fig. 3 presents the accuracy of
predicting numeric variables as expressed by the Pearson product—
moment correlation coefficient between the actual and predicted
values. The highest correlation was obtained for age (r = 0.75),
followed by density (» = 0.52) and size (r = 0.47) of the Facebook
friendship network. Closely following were the personality traits
of “Openness” (r = 0.43), “Extraversion” (r = 0.40), and “In-
telligence” (r = 0.39). The remaining personality traits and SWL
were predicted with somewhat lower accuracy (r = 0.17 to 0.30).

Psychological traits are examples of latent traits (i.e., traits that
cannot be measured directly). As a consequence, their values can
only be measured approximately, for example, by evaluating
responses to questionnaires. The transparent bars presented in Fig.
3 indicate the accuracy of the questionnaires used as expressed by
their test-retest reliabilities (Pearson product-moment correlation
between the questionnaire scores obtained by the same respondent
at two points in time). The correlation between the predicted and
actual Openness score (r = 0.43) was very close to the test—retest
reliability for Openness (» = 0.50). This indicates that for the
Openness trait, observation of the user’s Likes is roughly as in-
formative as using their personality test score itself. For the
remaining traits, prediction accuracies correspond to roughly half
the questionnaire’s test-retest reliabilities.

The relatively lower prediction accuracy for SWL (r = 0.17)
may be attributable to the difficulty of separating long-term
happiness (29) from mood swings, which vary over time. Thus,
although the SWL score includes variability attributable to mood,
users’ Likes accrue over a longer period and, so, may be suitable
only for predicting long-term happiness.
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Amount of Data Available and Prediction Accuracy. The results
presented so far rely on individuals for which between one and
700 Likes were available. The median number of Likes was 68
per individual (IQR, 152). Therefore, what is the expected ac-
curacy given a random individual and how does prediction ac-
curacy change with the number of observed Likes? Using
a subsample (n = 500) of users for whom at least 300 Likes were
available, we ran predictive models based on randomly selected
subsets of n =1, 2, .. ., 300 Likes. The results presented in Fig. 4
show that even knowing a single random Like for a given user
can result in nonnegligible prediction accuracy. Knowing further
Likes increases the accuracy but with diminishing returns from
each additional piece of information.

Predictive Power of Likes. Individual traits and attributes can be
predicted to a high degree of accuracy based on records of users’
Likes. Table S1 presents a sample of highly predictive Likes
related to each of the attributes. For example, the best predictors
of high intelligence include “Thunderstorms,” “The Colbert
Report,” “Science,” and “Curly Fries,” whereas low intelligence
was indicated by “Sephora,” “I Love Being A Mom,” “Harley
Davidson,” and “Lady Antebellum.” Good predictors of male
homosexuality included “No H8 Campaign,” “Mac Cosmetics,”
and “Wicked The Musical,” whereas strong predictors of male
heterosexuality included “Wu-Tang Clan,” “Shaq,” and “Being
Confused After Waking Up From Naps.” Although some of the
Likes clearly relate to their predicted attribute, as in the case of
No H8 Campaign and homosexuality, other pairs are more elu-
sive; there is no obvious connection between Curly Fries and
high intelligence.

Moreover, note that few users were associated with Likes ex-
plicitly revealing their attributes. For example, less than 5% of
users labeled as gay were connected with explicitly gay groups, such
as No H8 Campaign, “Being Gay,” “Gay Marriage,” “I love Being
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Fig. 4. Accuracy of selected predictions as a function of the number of
available Likes. Accuracy is expressed as AUC (gender) and Pearson’s corre-
lation coefficient (age and Openness). About 50% of users in this sample had
at least 100 Likes and about 20% had at least 250 Likes. Note, that for
gender (dichotomous variable) the random guessing baseline corresponds to
an AUC = 0.50.
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Gay,” “We Didn’t Choose To Be Gay We Were Chosen.” Con-
sequently, predictions rely on less informative but more popular
Likes, such as “Britney Spears” or “Desperate Housewives” (both
moderately indicative of being gay).

This is further illustrated in Fig. S1, which shows the average
levels of personality traits and age for several popular Likes.
Each Like attracts users with a different average personality and
demographic profile and, thus, can be used to predict those
attributes. For example, users who liked the “Hello Kitty” brand
tended to be high on Openness and low on “Conscientiousness,”
“Agreeableness,” and “Emotional Stability.” They were also
more likely to have Democratic political views and to be of Af-
rican-American origin, predominantly Christian, and slightly
below average age. The same Likes were used to create Fig. S2,
presenting their relative popularity in four groups: Democrats,
Christians, Homosexuals, and African-American individuals. For
example, although liking “Barack Obama” is clearly related to
being a Democrat, it is also relatively popular among Christians,
African Americans, and Homosexual individuals.

Conclusions

We show that a wide variety of people’s personal attributes,
ranging from sexual orientation to intelligence, can be automati-
cally and accurately inferred using their Facebook Likes. Similarity
between Facebook Likes and other widespread kinds of digital
records, such as browsing histories, search queries, or purchase
histories suggests that the potential to reveal users’ attributes is
unlikely to be limited to Likes. Moreover, the wide variety of
attributes predicted in this study indicates that, given appropriate
training data, it may be possible to reveal other attributes as well.

Predicting users’ individual attributes and preferences can be
used to improve numerous products and services. For instance,
digital systems and devices (such as online stores or cars) could
be designed to adjust their behavior to best fit each user’s in-
ferred profile (30). Also, the relevance of marketing and prod-
uct recommendations could be improved by adding psychological
dimensions to current user models. For example, online insurance
advertisements might emphasize security when facing emotionally
unstable (neurotic) users but stress potential threats when dealing
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with emotionally stable ones. Moreover, digital records of be-
havior may provide a convenient and reliable way to measure
psychological traits. Automated assessment based on large sam-
ples of behavior may not only be more accurate and less prone to
cheating and misrepresentation but may also permit assessment
across time to detect trends. Moreover, inference based on
observations of digitally recorded behavior may open new doors
for research in human psychology.

On the other hand, the predictability of individual attributes
from digital records of behavior may have considerable negative
implications, because it can easily be applied to large numbers of
people without obtaining their individual consent and without
them noticing. Commercial companies, governmental institutions,
or even one’s Facebook friends could use software to infer attrib-
utes such as intelligence, sexual orientation, or political views that
an individual may not have intended to share. One can imagine
situations in which such predictions, even if incorrect, could pose
a threat to an individual’s well-being, freedom, or even life. Im-
portantly, given the ever-increasing amount of digital traces people
leave behind, it becomes difficult for individuals to control which of
their attributes are being revealed. For example, merely avoiding
explicitly homosexual content may be insufficient to prevent others
from discovering one’s sexual orientation.

There is a risk that the growing awareness of digital exposure
may negatively affect people’s experience of digital technologies,
decrease their trust in online services, or even completely deter
them from using digital technology. It is our hope, however, that
the trust and goodwill among parties interacting in the digital
environment can be maintained by providing users with trans-
parency and control over their information, leading to an in-
dividually controlled balance between the promises and perils of
the Digital Age.
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