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Abstract

We describe the dimensions along which Facebook users
tend to express themselves via status updates using the semi-
automated text analysis approach, the Meaning Extraction
Method (MEM). First, we examined dimensions of self-
expression in all status updates from a sample of four million
Facebook users from four English-speaking countries (the
United States, Canada, the United Kingdom, and Australia)
in order to examine how these countries vary in their self-
expressions. All four countries showed a basic three-
component structure, indicating that the medium is a stronger
influence than country characteristics or demographics on
how people use Facebook status updates. In each country,
people vary in terms of the extent to which they use Informal
Speech, share Positive Events, and discuss School in their
Facebook status updates. Together, these factors tell us how
users differ in their self-expression, and thus illustrate mean-
ingful use cases for the product: Talking about what’s going
on tends to be positive, and people vary in terms of the ex-
tent to which their status updates are short, slangy emotional
expressions and topics regarding school. The specific words
that define these factors showed subtle differences across
countries: The use of profanity indicates fewer school words
(but only in Australia), whereas the UK shows greater use of
slang terms (rather than profanity) when speaking informal-
ly. The MEM also identified English-language dialects as a
meaningful dimension along which the countries varied. In
sum, beyond simply indicating topicality of posts, this study
provides insight into how status updates are used for self-
expression. We discuss several theoretical frameworks that
could produce these results, and more broadly discuss the
generation of theoretical frameworks from wholly empirical
data (such as naturalistic Internet speech) using the MEM.

1. Introduction

1.1 Text Analysis and the MEM

As automated text analysis is growing in popularity, there is also a
growing belief that natural language provides a remarkably accu-
rate window into our identities [15,10] and psychological states
[24,25]. In fact, there are several text analysis approaches that
have been developed specifically for the measurement of words as
reflections of personality and psychological states. For example,
the Meaning Extraction Method (MEM) is a semi-automated text
analysis technique used in the field of personality psychology on

Copyright © 2011, Association for the Advancement of Artificial Intelli-
gence (www.aaai.org). All rights reserved.

169

K. Chung

The University of Texas at Austin
cindykchung@mail.utexas.edu

personal narratives to extract dimensions along which people think
about themselves or a particular topic [7]. Initially developed for
the analysis of self-expressive text such as self-descriptive essays,
the MEM can be used to understand self-expression in social me-
dia. In this paper, we apply the MEM to Facebook status updates
to extract dimensions along which people express themselves, and
compare dimensions of self-expression in Facebook status updates
across the United States (US), Canada, the United Kingdom (UK),
and Australia. Finally, we discuss how a bottom-up approach such
as the MEM might be used to assess dimensions of self-expression
across different social media in a reliable, efficient, unbiased, and
unobtrusive manner (c.f. [24,26]).

1.2 Facebook and Status Updates

We applied the MEM to Facebook status updates because short-
format “microblogs” such as these have been argued to serve
many purposes, ranging from self-expression to news aggregation
(i.e., providing links to articles of interest to the presumed audi-
ence), to updates regarding a group or organization (e.g., a band
announcing a tour or album release), and also vary in terms of the
goals and intentions of the user [1,21,28]). Due to the control that
Facebook offers over how updates are broadcast (i.e., users can
configure any update to be broadcast to the public, to their friends,
or to a subset of their friends), Facebook status updates may pro-
vide a more authentic source of self-expression [19,28]. Facebook
status updates have also been shown to promote psychological
well-being via many of the same processes as offline social inter-
action. For example, [38] showed that viewing one’s Facebook
page serves the psychological goal of self-affirmation (with effect
sizes comparable to offline manipulations) and [5] shows that
interacting with others via Facebook improves social connected-
ness (while also noting that “lurking” or passively consuming
without contribution is depressing, much like sitting in a corner at
a party).

Status updates provide cues to the psychological state of indi-
vidual users, and when examined collectively, have been shown to
provide insight into the psychological state of groups who update.
For example, [24] analyzed the status updates of 400 million Fa-
cebook users in America over time. By counting the relative rates
of positive and negative emotion word use, [24] was able to clear-
ly identify culturally shared positive events in America (e.g., na-
tional holidays such as Thanksgiving, Christmas, Valentine’s Day,
as well as the most celebrated day of the American work week,
Fridays). Through the same word counting index, [24] also identi-
fied culturally shared negative events (e.g., the anniversary of the
9/11 attacks, the sudden death of Michael Jackson, the Chilean
carthquake of 2009, and the most dreaded day of the American



work week, Mondays). Overall, [24] presented an ecologically
valid way to assess Gross National Happiness over time using an
automated approach to analyze naturalistic Internet text (i.e., Fa-
cebook status updates). More broadly, the study showed that Fa-
cebook status updates not only reflect the psychology of individu-
als, but they can also characterize groups, cultures, and countries.

Indeed, the ever-increasing user base of Facebook status up-
dates provides a powerful population to assess the psychology of
large groups. Facebook started in 2004 with an initial user base of
Harvard University students in Massachusetts. Very quickly, Fa-
cebook expanded to other local universities, and eventually to all
high school and university students in the United States in 2005.
In 2006, Facebook eventually opened to anyone over the age of 13
with an email address [1]. Despite these initial demographic re-
strictions, Facebook has since shown growing and remarkable
representations of people from other demographics, with over 30%
of the user base being over the age of 35 in 2010 and over 20% of
the population of countries ranging from Hong Kong to Chile to
Iceland being represented on the site [4]. In sum, Facebook status
updates offer a huge archive by which to assess self-expressions
across cultures, with user bases that are more representative of a
population’s daily natural language in many countries than most
other archival sources.

1.3 Our Goals

These intercultural differences are a primary topic of our paper:
Can we identify how citizens of different countries are using Fa-
cebook’s “status update” product? Are the basic usage patterns of
these countries basically the same, or demonstrably different? Can
we extract dimensions of self-expression that go beyond simple
quantity of sharing and the sharing of emotional content? By un-
derstanding what is being expressed in a naturalistic context, we
can understand how the medium is being used. In this study, we
ask: What are the dimensions along which people express them-
selves when they update their status on microblogs, and on Face-
book in particular, and do these dimensions differ for different
countries? With knowledge of such a dimensional structure, we
can then see if the medium has been adopted for use differently in
different countries. By comparing English-speaking countries
only, we can examine whether there are any differences in how
Facebook status updates are used to express dimensions of the self
without the complexity of cross-language analyses (though we
believe that cross-language research in this ilk to be a very inter-
esting avenue for future study).

2. The Meaning Extraction Method Explained

The MEM [7] relies upon the “lexical hypothesis,” which posits
that important concepts become represented as single lexical items
(words) in that language [11]. When applied to personality, im-
portant concepts that describe a person’s character become repre-
sented as a single word in that language. The lexical hypothesis
has been used to derive one of the most extensively and empirical-
ly supported personality structures in the field of Psychology, the
“Big Five” personality structure [11].

The MEM begins with the same “lexical hypothesis,” but un-
like the Big Five (which was derived using Likert ratings of adjec-
tives on self-report scales), the MEM examines the co-occurrences
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of words within natural language-based self-descriptions or any
text-based corpora, constituting an inductive, and potentially un-
obtrusive approach [26]. This approach extracts a set of lexical
items, which together represent a relevant dimension of word us-
age in the corpus; if users who use certain words also tend to use
other words, then the set of words, which are co-used together, is
argued to represent a meaningful quality of the corpus [7,26].
From psychological studies in which participants have been asked
to provide personality self-descriptions, the MEM produces com-
mon dimensions along which people tend to think about them-
selves. For self-descriptions in Spanish (by Mexican college stu-
dents), culture-specific dimensions not found in comparable
American samples tend to emerge, such as Simpatia, which in-
cludes word co-occurrences such as affectionate, honest, noble,
and rolerant [31]. The MEM, then, is a culturally unbiased method
to derive meaningful dimensions along which people vary.

The MEM has also been used to examine regional differences
in values across America. In a corpus of “This I Believe” essays
(essays on the beliefs and values that guide people’s lives), various
dimensions of values, such as religion, health, and community
emerged [8]. By correlating the component scores of the value
themes with state-level indicators, [8] found that the religion
theme (e.g., god, church, Christian) was more likely to be men-
tioned in states that had a higher proportion of children who at-
tended religious services weekly; the health theme (e.g., hospital,
doctor, cancer) was more likely to be mentioned in states with the
highest rates of death due to chronic illness; the community theme
(e.g., friend, meet, town) was more likely to be mentioned in states
with the greatest number of restaurants and movie theatres per
capita. While these results may not be surprising, they serve to
illustrate the deep influence that our locale, culture, and upbring-
ing have on the way we choose and use words. In summary, by
using the MEM, researchers were able to capture valid dimensions
of values that reflected regional variations in practices, illness
rates, and institutions.

3. The Present Study

In this paper, we used the MEM to derive dimensions of self-
expression from Facebook status updates. In order to determine
any differences in self-expression across countries, the corpus of
words is composed of all status updates made by four million
randomly selected Facebook users from four of the largest coun-
tries with a primarily English-speaking user-base: Australia, Can-
ada, the US, and the UK. The MEM is an alternative to “keyword
extraction” computational methods such as latent semantic analy-
sis (LSA, [22]): While LSA, Latent Dirichlet Allocation (LDA,
[3]), and computer-reading approaches abound with the stated goal
of extracting meaning from natural text [22], the word-count ap-
proach, used more frequently in psychology [20,29,31] offers
several advantages for our goal: the MEM approach allows for the
extraction of linguistic dimensions rather than keywords, which
then can be examined at the level of the individual (i.e., we can
quantify where someone lies on a dimension). These linguistic
dimensions are also technologically more efficient to compute:
Words can be parsed and counted on a row-by-row basis and then
aggregated in one pass (i.e., correlated), allowing for massively
parallel computation [24,37]. This, in turn, allows for the examina-



tion of a much larger set of words and a more representative set of
users. Other approaches such as WordNet or PMI-IR may provide
other insights regarding users’ behavior, but these methods lack a
straightforward manner by which to simultaneously examine word
usage both within and across users (e.g., [22]). While other meth-
ods such as LDA may potentially produce similar results, the
MEM procedure is much more direct and interpretable as it is
based on interpretations of principle components analysis rather
than an iterative multi-stage latent variable model. In other words,
it can be completed and understood by social scientists with spe-
cific interest in the result as well as computational modelers with
specific interest in the method; further, as the MEM has been
shown to reveal dimensions of self-expression in personal narra-
tives with sensitivity to detect regional and cultural differences in
self-expression [7,8], we chose the MEM as an ideal, bottom-up
method to identify dimensions of self-expression in Facebook
status updates across countries.

3.1 Method

All status updates from four million Facebook users were ana-
lyzed: One million users who self-reported being from each coun-
try on their Facebook profile. The random selection and anony-
mization of users, along with the text processing of all status up-
dates was conducted using the Hive database framework on the
Hadoop MapReduce framework [37]. Hive allowed use of the
TAWC word-counting software [25], allowing for researchers to
avoid viewing any analyzed user’s updates, in keeping with the
Facebook Terms of Service [10]. For each user, all updates (if
any) made between September of 2007 and February of 2010 were
analyzed; this long timeframe ensured that a reasonable amount of
text produced by each user was represented in the analyses. We
first established that our sample was diverse in terms of age (i.e.,
not comprised entirely of college students): sampled users had a
mean age ranging from 33.3 and 35.4 years across countries with
standard deviations between 13.8 and 14.6 years. These statistics
indicate that more than simply “college students” are represented
on Facebook (as indicated by the high mean), and that a wide age
range is represented in our data (as indicated by the rather high
standard deviation)"

USA CAN UK AUS
# Users 437,370 466,411 450,061 411,982
Age in Years (SD) 32.8 31.7 304 30.7
(14.6) (13.9) (13.1) (13.5)
Percent Female 58.5% 56.4% 53.6% 56.4%
Mean # Status 138.4 187.9 162.7 120.5
Updates per User (210.6) (259.9) (232.8) (168.5)
(SD)
Mean # Total 1650 1939 1766 1307
Words Across All (2784.7) | (3136.9) (2799.5) (2032.9)
Status Updates by
a User (SD)

Table 1. Final sample of Facebook users from each country.
Note: The table includes the subsample of Facebook users who
wrote at least 100 words in their history of status updates."

1 Due to the number of subjects, these differences are significant but argu-
ably meaningless due to negligible effect sizes; all d’s <0.1.

First, a list of single lexical items (i.e., individual words) was
ranked in terms of how frequently they were used across the entire
corpus. This list was then filtered to remove non-content words
(for example, function words such as and, the, was, you, etc.). The
remaining words were re-ranked by the proportion of sampled
users who had used that word in any status update. After this
point, users whose histories of all status updates contained fewer
than 100 words total were dropped from further analysis, leaving
1,765,824 total users (see Table 1 for breakdown by country).

From this ranked list, the top 1,000 words in terms of occur-
rence (a word was ranked higher if it occurred more frequently in
the corpus, as in [7]) were converted into the custom dictionary
format specified in the popular word-counting system LIWC [29].
Specifically, each word was stemmed and formatted using letter
patterns or regular expressions to capture all potential uses of the
word in a single category. For example, the presence of the string
“bbq” in the top 1,000 words resulted in a single category includ-
ing the stem with alternate spellings “bbq*” (encompassing “bbq”
and “bbqing”), as well as “barbq*”, “barbeq*”, and others. This
procedure resulted in 760 separate word categories, which repre-
sented 8% of all words used in the set of status updates and 97%
of users who had used words from one of the categories®. This
custom LIWC dictionary was created by hand and is available
from the authors upon request.

Next, the corpus was examined to determine whether each user
had ever used a word from each word category. This resulted in a
1,765,824-by-760 user-by-word matrix, each row of which con-
tained either a zero or one, representing whether the user used the
lexical item in question in one of their status updates. These items
were then correlated across users, producing a 760-by-760 correla-
tion matrix for the total sample, and one for each country. No
correlations were significantly lower than zero, and the largest
observed correlation was 0.65; this pattern is common in analyses
such as these due to the fact that people who use more words use a
wider variety of words [26]). This correlation matrix was then
subjected to principal components analysis (PCA) with Varimax
rotation, as in [7,26,31]. The loadings of this matrix are the prod-
uct of the MEM: They represent the extent to which use of one
word in any of a user’s status updates predicts use of other words
in general from the respective component.

USA CAN UK AUS
1 day day day day
2 loud hangover loud loud
3 word loud long ticket
4 ticket ticket word word
5 nice word ticket good
6 long text nice light
7 light light hangover hangover
8 hangover winter light text
9 good good good nice
10 vote vote vote lie

Table 2. Top 10 most commonly used words (excluding function
words) in Facebook status updates for each country.
Note: Frequency was determined as the proportion of
users who used a word.

2 The remaining 3% were not qualitatively examined as such an examina-
tion could constitute an invasion of users’ privacy [10].




To maximize what can be learned from Facebook status updates
and interpreted via the MEM, and in order to promote and/or assist
other researchers in using MEM approaches for their own data
sets, we have published the aggregate matrix as well as each coun-
try’s matrix in the auxiliary materials.

3.2 Results and discussion

3.2.1 Aggregate Matrix

In order to describe how Facebook status updates are used overall,
we first conducted an analysis using an aggregate matrix of all
four English-speaking countries. The results from this aggregate
matrix produced one large “wordiness” component, which con-
tained positive loadings for 732 (96%) of the word categories.
Users’ scores on this component were correlated with the number
of words used in the user’s set of status updates, » = .58, and with
the number of updates they had made, » = .62. The same result has
been found for blogs [11], and is consistent with the fact that peo-
ple who talk more in their everyday lives tend to use a greater
range of words.® We followed the approach of [26], and removed
this first component prior to rotation.

Following the procedure described in [26], five components
were extracted. We considered a loading meaningful if it had an
absolute value greater than 0.30. The solution for the aggregate
matrix had simple structure (each lexical item loaded on to at most
one component). The component with the largest loadings con-
tained negative loadings for Britishisms such as arse, pub, mate,
and England, and positive loadings for Americanisms such as
mom, (mum is used in British English), laundry (as opposed to the
wash), vacation (as opposed to holiday), and halloween (a secular
holiday celebrated primarily in the US and Canada, much less so
in the UK, and hardly at all in Australia). This dimension was
bimodally distributed, with those from the UK and Australia
showing higher use and those from the US and Canada showing
less use of Britishisms. This finding provides evidence of the effi-
cacy of the method: With text from groups of people who speak
different dialects, these dialects appear in the components, sug-
gesting that the components reflect meaningful features of the
users. This large first factor supports that the method is “tuned in”
to the most relevant linguistic features of the corpus along which
people tend to vary and extracts the most notable dimensions.

Comp 1 Comp 2 Comp 3 Comp 4 Comp 5
Weekend Hubby Mom (R) Lol Day
Daughter Arse Time
Essay (R) Pub Good
Bless Mate Likes
Exam (R) Vacation Love

Table 3. Top five highest-loading words (all load with absolute
value above 0.3), by component, for the aggregate matrix.

Two of the four additional components included only one word
each (weekend and lol, respectively), one contained positive load-
ings for family-oriented terms (e.g., hubby, daughter, bless) and
negative loadings for school-oriented terms (e.g., essay exam), and

3 We also note that for corpora made up of texts with few words (our
minimum was 100 words) it is unreasonable to expect a person’s full vo-
cabulary to be represented.
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the last contained positive loadings for both time words (e.g., day,
time) and positive emotion words (e.g., good, like, love).

3.2.2 Individual Country Matrices: The United States

To examine whether the countries differed in their status-update
dimensions, their individual correlation matrices (transformed to
Z-score matrices) were compared using a random effects model:
After removing a random effect for each of the two word catego-
ries (effectively the row and column category), we tested whether
knowing which country generated a correlation could explain
significant variance among correlations. This analysis was con-
ducted using the /me4 package for the statistical program R [30].
Though there was a large degree of commonality among countries
as well (Cronbach’s o among countries = 0.97), due to our large
sample size we found a significant difference among countries in
the pattern of correlations, y*(3) = 40,202, p <.001. As such, we
examined the four countries separately with an eye towards de-
scribing both similarities and differences.

The US was examined first as Facebook was initially created in
the US, making these users a part of Facebook’s largest and most
senior user base. Examination of the correlation matrix suggested
either a two-component or five-component solution: Components
1 and 2 were the same in both the two-component and the five-
component solution (see Tables 3 and 4): One component con-
tained profane or “slangy” words, including Internet neologisms
such as wtf'and haha. Upon comparison to the aggregate matrix,
this factor generally resembled the aggregate matrix component
represented by the term /o/ in terms of the ordering of words on
this component (though the aggregate matrix did not show as
many of these items loading above our absolute value cutoff of
0.30). This component was labeled “Informal Speech.” In other
words, the extent to which Americans speak formally or informal-
ly is a primary means by which they can be differentiated using
the MEM; variability in the corpus of American status updates can
be explained in terms of how formal the speech is. This is con-
sistent with [26], who showed that the use of “ranty” words (in-
cluding profanity) was a differentiator of weblog authors.

The second-largest component (in terms of variance explained)
also contained positive loadings for both “time” terms and “posi-
tive affect terms”. This component, labeled “Positive Events,”
resembled the final component found in the aggregate matrix. In
general, this component represented the extent to which people
discussed their daily activities.

This category, at first glance, may appear to represent a single
dimension with no clear poles: Positive words are believed to
represent the psychological “emotion” construct. Interestingly, no
negative words were loaded on this factor below -0.30. We believe
that the Positive Events factor effectively indicates a medium use
dimension. In other words, Facebook seems to be a site to which
people go to share positive events in their life, or simply to share
events in their life when they are feeling positive. The absence of
negative loadings for negative words, then, indicates that negative
words are used in a manner orthogonal to discussion of time or
events. Note also that words about being solitary are not used in
the sharing of positive emotions.

There is some support for this interpretation in the psychology
literature. [35] describe and briefly review evidence that those
who are more extraverted (oriented towards social interaction)
tend to be happier, more positive, and more satisfied with life. The



research in [35] also provides a duality that nicely dovetails with
the “Positive Event” factor: First, people who are more extraverted
tend to be happier in general, such that those who engage in more
events will both be happier and have more events to talk about.
Second, all people (even introverts) who actually engage in social
activities tend to express increased positive affect during and fol-
lowing these events, such that those who engage in events and
share them with friends may be more positive in general. Finally,
we note that people who are more extraverted in general may be
more likely to share information on social networking sites in the
first place (even if there is evidence that the Facebook population
is not abnormally extraverted [5]): If these people are more posi-
tive as [35] show, greater sharing could lead to this factor.

Three other potential explanations could also have created this
factor: First, the timescale of negative emotionality is longer. Be-
cause negative events engender rumination prior to expression
[32], they may not be sufficiently formed when the status update is
made (because the status is being updated during or shortly after
the event, or it might seem irrelevant). Second, there is evidence
that people are simply more hesitant to express negative emotion-
ality: Negative emotions may be more private [32], which may
drive negative words to be too rarely expressed in to explain
meaningful amounts of variance. Finally, there is growing evi-
dence that happiness is, in general, driven by experiences (espe-
cially social experiences) rather than by factors such as possession
of wealth or material goods [9]; thus, positive emotion expression
may be driven by experiences: When people are naturalistically
self-motivated to report on what has made them happy, it is actual-
ly their experiences that rise to the top.

As with the Informal Speech component, it is important to note
here that the component itself does not represent a dichotomy so
much as a dimension along which it is useful to differentiate Face-
book users. For example, it is not the case that a given person is
either an introvert or an extrovert (though researchers have been
known to falsely dichotomize extraversion); one could be any-
where in between, just as users can score anywhere along the posi-
tive event scale (even in the middle).

The five-component solution also produced a third component
with school-related words such as homework, study, essay, and
English. This component resembled the aggregate matrix’s third
component, and was labeled “School,” indicating that words about
schoolwork tend to be highly correlated. This does not, however,
mean that most American Facebook users are in school—if every-
body was in school, everybody might use these so-called “school”
words, which could produce a /ow correlation as correlations are
measures of “shared” variance and there is very little variance to
begin with. Rather, this factor indicates that people who use some
“school” words tend to use others, whereas other people rarely use
any of them—in other words, the relevance of school as a thing to
post about is a dimension on which people vary. Prior research
using the MEM on college students alone also shows this factor
[7,31], emphasizing that focus on school is indeed a primary di-
mension among which even college students vary. So, while
school-related words tend to cluster together, this does not neces-
sarily indicate that the user base is primarily composed of stu-
dents, but rather that people who use some school words tend to
use others (i.e., some people—probably students—tend to think
along a school dimension).

The fourth and fifth components, after rotation, explained very
little variance of the overall matrix (about 1% each); the fourth
contained only one loading (zrust), and the fifth contained no load-
ings that were greater in magnitude than 0.30. As such, these
components are left to future study.

3.2.3 Individual Country Matrices: Canada, the United Kingdom,
and Australia

The correlation matrices for the three other English-speaking
countries were also examined using PCA. While different when
analyzed in aggregate, the component structures were nearly iden-
tical when analyzed separately: When a five-component structure
was extracted, the same three components appeared: Informal
Speech, Positive Events, and School (Table 4). This is possible
because in the aggregate matrix, British English words like pub
and mate were correlated because half of the population (those
from the US and Canada) used these rarely if ever, whereas the
other half (those from the UK and Australia) used them consistent-
ly. As such, when PCAs were computed within each country,
these words did not form a factor.

Informal Speech Positive Events School
usS Fucked, shitty, Day, time, good, Homework, study,
bitch, ass, haha love, likes essay, English,
exam
UK Fucked, shitty, lol, Day, time, love, Essay, exam, hubby
sum, haha look, happy (R), daughter (R),
gay
CA Fucked, shitty, Day, time, happy, Study, exam, essay,
bitch, gay, ass love, good homework, English
AU | Hubby (R), daugh- Day, time, love, Exam, study, essay,
ter (R), fucked, gay, night, good uni, fucked (R)
wonderful (R)
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Table 4. Top five words for each country for
each of the three replicated components.

To statistically examine the extent to which these components
represented the same construct, the loading matrices for the four
countries were examined (i.e., the loadings for Informal Speech
generated from the US data was correlated with the loadings for
Informal Speech for Canada, the UK, and Australia). Out of the
twelve correlations (three components times four countries), the
lowest was r=.79, again, supporting large similarities across
countries. Qualitatively, one notable difference was the School
factor for the UK and Australia versus the US and Canada: These
components included negative loadings for family-oriented words
(e.g., hubby, daughter), suggesting that the differentiation between
those attending and not attending school in the UK and Australia
may fall more along the lines of a “School versus Family” dimen-
sion than simply “School or not.”

Australia also stands out as the only country to show profanity
loading onto more than just the “Informal Speech” category,
showing up as a negatively loaded word category on the “School”
factor: Those who use more school-related words are less likely to
use fuck in any of its forms, consistent with Australia’s reputation
as a country that is historically linguistically profane (e.g., [39],
but see also [36]). Australia also shows the words day and night as
two of the top four highest-loading words on the “Positive Events”
factor (and both positive), further indicating that the factor is more
about time in general than it is about specific times. In other




words, some people tend to think along a time dimension or not,
rather than about a specific time of day [7].

Beyond a qualitative read of the factors to describe differences
among countries in how status updates were used, the scale of our
data allowed for a statistical comparison of word loadings. To see
which words loaded onto certain components for only one country
(and thus differentiated one country from others), bootstrapping
techniques were used to estimate the standard error of deviations
from our loading magnitude cutoff, 0.30. This was then used to
calculate whether a given loading magnitude for a given compo-
nent in a given country was significantly different from 0.30. We
then examined words that were significantly above the cutoff
magnitude in some countries but significantly below it in others
(See Table 5).

More than highlighting differences, Table 5 shows that there is
indeed remarkable consistency in terms of which words load on to
which factors. However some cross-cultural instances also appear:
The Britishism hubby is used by Canadians as a negative marker
of informal speech; those who use this affectionate term for “hus-
band” tend to use fewer informal speech cues—but only in Cana-
da. The same goes for the term wonderful, whereas the term gay in
Canada is an indicator of less formal speech. In other countries,
these words do not indicate more or less informal speech. This
could be because Canada, a member of the Commonwealth, may
have some citizens speaking in a more UK-consistent manner, or
perhaps Canadians use the word gay more as a slur (“that’s so
gay”) than as a descriptor of sexual orientation or as an emotion
word. Conversely, in the UK (where people are considered to be
more formal in general), more slang terms (as opposed to profani-
ty) loaded on to the Informal Speech category. Future research
could address and test these hypotheses directly.

Informal Speech Positive Events School
USA None None None
Hubby (R), Won-
CAN derful (R), Gay Wait, Wishes None
UK Imao, sum, lol None None
AUS None None None

Table 5. Category-defining words for only one country.

4. General Discussion

4.1 Summary

Across four English-language speaking countries, we found three
components, Positive Events, Informal Speech, and School, along
with cultural differences in medium use: In the UK and Australia,
the opposite pole from the school-oriented words corresponded to
family-oriented words. This method also bore out several stereo-
types about these countries: Australians’ reputation as being a
more “wild” culture is borne out as a broader incidence of profani-
ty (i.e., fuck loading on to multiple factors), whereas the reputation
of the British as being “reserved” was shown in the greater inci-
dence of slang terms (rather than profanity) in the factor represent-
ing formality of speech. These countries were not entirely differ-
ent, however: Both used a set of “British English” words that are
relatively rare in the United States and Canada, as shown in the
decomposition of the aggregate correlation matrix. This duality, of
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both contrasting countries and showing how they are similar, is a
feature of the MEM method.

Beyond simply indicating topicality of posts, this study pro-
vides insight into how status updates are used for self-expression:
Talking positively about what’s going on is a meaningful dimen-
sion along which users of the system vary: Talking about what’s
going on tends to be positive. People also vary in the extent to
which their status updates are short, slangy emotional expressions
and topics regarding school. The MEM also illustrates the diversi-
ty of the Facebook user base: The MEM was able to identify Eng-
lish-language dialects as a meaningful dimension along which the
aggregate sample varied, and the School dimension as a meaning-
ful dimension along which the individual countries varied.

Indeed, these findings regarding common uses of the medium
are even stronger than the differences among countries. Few dif-
ferences were found among the countries in terms of their use of
language in status updates. This could be for several reasons: First,
perhaps these countries simply do not differ much in terms of
language or use of the medium. Facebook was started in the Unit-
ed States; social norms developed there might serve as models for
people in other countries once Facebook.com was opened to them.
[6] showed that social modeling of Facebook behavior by new-
comers is indeed quite strong. That these emotions and norms in
general are transmitted through and modeled in terms of text-only
interactions procedures is also well established (e.g.,
[14,16,18,23]). Another possibility is that the affordances of the
medium effectively overpower differences in self-expression that
exist across the four countries. This would be a strong effect of the
medium, but also of the countries themselves, which share a lan-
guage and a common cultural heritage. Examination of native
English-speaking Facebook users who did not grow up in, say, the
United Kingdom (for example, children born to citizens of the UK
but raised abroad) could address the extent to which these similari-
ties are due to the medium or the culture. Replication of the re-
search described herein, using words from a different language,
would also address this concern and provide an interesting avenue
for future research.

4.2 Theoretical Implications

The MEM can be used as a tool for both generating and testing
theories of language within a medium. As the “corpus” of Internet
text grows by terabytes per day, the questions of what linguistic
behavior and corresponding psychological information we should
expect to see and learn from a certain subcorpus also grows. While
many theoretical frameworks exist to generate hypotheses about
Internet speech, the MEM provides an opportunity for researchers
who are dogmatically neutral with regard to word use to effective-
ly generate theoretical frameworks empirically [17]. Without a
theoretical background, three dimensions of status update use were
generated and effectively replicated across four different English-
speaking countries: The question, then, is what to make of these—
what theoretical framework would drive a three-component struc-
ture of this sort? Would these factors replicate for different CMC
media? One theory could be based on the expected audience of
users: Facebook allows users fine-grained control over who can
see a given status update: Friends only, friends of friends, specific
friends, or the whole world, which would drive users to share
items they believe to be of interest to their target audience, either



because they share many qualities of their life (i.e., they share the
“student” vocation, generating the “School” component), or be-
cause they believe their audience to be interested in the high points
of their days (thus generating the “Positive Events” factor), or
allowing them to talk in a more casual way than they would to
non-friends. This theoretical framework would then expect differ-
ent factors to appear for more public media such as blogs or
tweets.

Another theoretical framework involves the undirected nature
of status updates: These updates are “broadcast” to the friends of
the author, rather than “directed” at one or more friends. This
could lead to more author-centric text (descriptions of day-to-day
life, including schoolwork for students and events) whereas a di-
rected context (such as wall posts or emails) may not have gener-
ated these factors. The length of status updates (up to 420 charac-
ters, but usually far fewer) could also encourage greater use of
common ground between the author and the audience, indicating
that these components would more directly replicate in other
short-format media (such as tweets or text messages) rather than
long-format media (such as blogs). The theoretical frameworks
and predictions above are made possible by the MEM when
viewed as a “bottom-up” theory generation framework: By ob-
serving large-scale naturalistic data and aggregating them in a
forthright manner, we are able to see what the data show and to
form theories of “why” accordingly, which can then be tested via
parallel analyses.

4.3 Future Directions

Although the MEM is able to summarize dimensions of self-
expression for millions of users and billions of words, this unob-
trusive method is not a trivial undertaking: Stemming and filtering
non-content words is currently not automated. Similarly, the
method itself relies upon the interpretation and labeling of PCA
components: Without hypothesis-driven research (such as testing
whether students in school use more School words than students
out of school or non-students), it may be premature to call a com-
ponent a “School” component for any purpose beyond ease of
reference (see [34] for discussion on how to name components).

Future work could investigate why users tend to be higher or
lower on one of these dimensions. For example, the “School”
interpretation of the School component could be validated by
showing that current students score significantly higher on this
component than non-students, by showing that users with social
networks that have a high proportion of shared school affiliations
score higher on this component, or by examining the words used
to describe day-to-day activities: People who go to school may use
a very similar nomenclature regardless of their location (i.e., they
describe their activities in the same manner regardless of which
school they attend or which country they attend school in), while
those not in school may not use words in a pattern that is detecta-
ble at the gross national level (i.e., they may have a job in which
there are too few employees to count as more than “noise”).

Future research could seek to predict which people (extraverts
versus introverts, older versus younger users, etc.) are likely to
post about Positive Events, or use Informal Speech. In effect, the
MEM can help researchers to identify the fundamental ways in
which word use differs, which in turn can help identify more rele-
vant variables to explore: For example, do people talking about
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positive events generate more or fewer wall posts and comments?
Do users who use fewer school-related words (or as users decrease
in use of these words), does the content or manner in which they
post change? Does informal language use predict possession of
more or less social capital? Are particular types of status updates
associated with affiliation with a greater number of groups or with
particular types of groups? Future research can compare demo-
graphic groups on factors defined by the whole set, or examine
whether the set of MEM components itself replicates across
groups (in a manner akin to a confirmatory factor analysis; [12]).
In short, once quantified (i.e., by examining loading scores for
actual text), the ways in which status updates are used for self-
expression can be used as signals of other communication, affilia-
tion, and network utilization practices.

Comparisons among communications media may also distin-
guish how certain media are used: Is positive event description
higher for directed communication (e.g., public Facebook wall
posts or private emails), less directed longer-format communica-
tion (e.g., blog posts), or anonymous communication (such as
long-format undirected diaries, public undirected tweets, or public
undirected forum posts not connected to a “real” identity)? Does
this factor replicate in offline media? Just as some posting behav-
iors and usage patterns can be localized to specific media and user
clusters, these may also indicate user behavior (e.g., likelihood of
clicking on advertisements [22]), or other individual differences
such as extraversion. Similarly, using the MEM to compare posts
on different topics but within mediums (e.g., news-oriented blogs
versus diary-style blogs) may enable a better understanding of the
user base as well as the ways that different users make use of the
same medium.

Finally, we expect that the means by which people express
themselves using status updates will change over time. Our current
analysis examined all text written by users, which means that our
results are better interpreted as an examination of the way that
people have expressed themselves using status updates for the past
several years; how they are expressing themselves today, or in the
coming years is independently interesting.

5. Conclusion

We applied a method developed in the Personality Psychology
literature, the Meaning Extraction Method, to extract meaningful
dimensions of self-expression in Facebook status updates. Users
across four different English-language speaking countries used the
product in a very similar manner, varying primarily in terms of the
use of informal language, sharing positive events, and focusing on
school. Our findings were also used to explore differences among
four English-speaking countries. We found some country-level
differences regarding formality of speech, but the more remarka-
ble finding was that the four countries showed remarkably similar
components.

The MEM can be used to identify dimensions along which us-
ers differ both within and across social media or between user
types. The raw MEM scores for these components can be used in
future research in order to determine user characteristics for peo-
ple who post in these ways. The analyses tell us how a medium is
being used, and gives hints as to how social media is shaping
communication (e.g., addressing what kinds of expression are



encouraged) and to how communication might shape social media
(e.g., development of forums for specific kinds of expression), as
discussed above.
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