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nauld, Richez, and Boudreau Morris 2018), the characteristics of proﬁle changes are less well understood. Past computational methods investigating social media proﬁle dynamics have focused on attributes such as screen name or follower changes (Jain and Kumaraguru 2016; Mariconti et
al. 2017). Previous work has also focused on using Twitter proﬁles to build predictive models and understand demographics, including psycho-demographic traits, personality, age, and gender (Rao et al. 2010; Burger et al. 2011;
Schwartz et al. 2013), using features such as social network, proﬁle images and linguistic content (Liu et al. 2016;
Volkova, Bachrach, and Van Durme 2016). However, research is needed to address the implications behind proﬁle
changes in the emergence and maintenance of social movements. Crucially, how frequently do changes occur and what
might it mean when people change their proﬁle information?
To the best of our knowledge, our research is the ﬁrst
to situate the characteristics of proﬁle change in the context of seminal work grounded in communication and psychology (Donath 2007; Goffman 1959). Our research contributes theoretical advances through a novel understanding
of micro- and macro-level cultural phenomena, including
cultural shifts and social movements, by analyzing content
changes in users’ online identities.

Abstract
We describe a novel longitudinal study of the frequency and
signiﬁcance of social media users’ proﬁle changes. Drawing upon two formative theories from communication and
psychology: self-construal and signaling theory, we examine
the likelihood that users will change their proﬁles and what
constitutes a signiﬁcant proﬁle change. Our ﬁndings indicate
that users are more likely to change their Proﬁle Summaries
and Display Names than their Locations and Screen Names
(i.e. handles). Further, we used topic modeling to partition
users based on their proﬁles to identify themes and explored
how proﬁle changes differ among these thematic groups (e.g.,
Trump supporters). Last, we identiﬁed the most signiﬁcant
word changes by users in their proﬁles. Our ﬁndings provide
valuable baseline data for further study of Twitter proﬁles, including the spread of social contagion through these proﬁles.

Introduction and Related Work
The motivation to present oneself in an inviting way is
rooted in the human need to belong (Goffman 1959). Social
media proﬁles matter because they represent attempts to portray oneself in a way that facilitates relationship cultivation
with desired audiences (Schwämmlein and Wodzicki 2012).
People deﬁne who they are on social media in salient ways
through the information they include in their proﬁles. Consider Figure 1: the Display Name and Screen Name (handle)
identify the user, the Proﬁle Summary communicates key
elements of identity, and the friends and follower counts indicate social capital and connectivity. In this work, we characterize Twitter proﬁles as online bumper stickers–concise
statements about identity that can describe who people are,
what they like, and what they value.
Proﬁle changes could signal a signiﬁcant identity choice
at the micro-level (Schwämmlein and Wodzicki 2012) and
the rise of a social movement at the macro-level (Raynauld, Richez, and Boudreau Morris 2018). For example,
some viewers co-opted the term deplorable while others appropriated the term nasty woman during the 2016
U.S. presidential debates. There is thus signiﬁcant potential of observing cultural shifts through the lens of proﬁle changes. Although tweets have been extensively studied in the context of identity and social movements (Ray-

Data Collection and Method
To address the problem of representativeness and sample
selection bias (Tufekci 2014), we designed a longitudinal
study of Twitter proﬁle snapshots. First, using Twitter’s
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Figure 1: Sample Twitter proﬁle and relevant ﬁelds.
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Streaming API, we captured 3,423,287 tweets on September 28, 2017 (approximately 1% of that day’s tweets). Next,
we parsed the tweets to identify 2,290,674 unique proﬁle
IDs. Third, we used Twitter’s REST API (Barberá 2016) to
systematically ping each proﬁle nine times over a two-week
period (October 1 to 14, 2017).1 Each snapshot took around
36 hours to successfully ping 2.29MM proﬁles, totaling nine
snapshots over a two-week period (called Snapshot 0 to 8).
In each snapshot, we retrieved the proﬁle ID, Screen Name
(handle), Display Name, Proﬁle Summary, Location, follower count, friend count, statuses count, and creation date.
We next describe our research questions and hypothesis.
RQ1: For randomly selected, active Twitter accounts,
how often do users change their proﬁle information and
to what extent? We calculated the cumulative changes relative to the ﬁrst observation (Snapshot 0) to identify changes
across time horizons and the likelihood of a proﬁle change
up to two weeks in the future.
RQ2: How does the rate of Twitter proﬁle updates
vary for users with different thematic groups? We ran
correlated topic modeling (Blei and Lafferty 2007) on words
used in over 654K non-empty English (detected using Ooms
and Sites 2017) Proﬁle Summary ﬁelds at Snapshot 0 using
stm R package (Roberts, Stewart, and Tingley 2017). We
selected the number of topics (k=49) using the anchor-based
approach (Lee and Mimno 2014). We labeled the topics using quantitative measures like semantic coherence (Mimno
et al. 2011) and FREX (Bischof and Airoldi 2012) and qualitative analysis. Users are partitioned into mutually exclusive
groups based on their largest topic proportion.
RQ3: What are the most prevalent types of content
changes to Twitter proﬁle summaries? We examined the
substance of the proﬁle changes, including the most frequently added, removed, and overall changed words across
snapshots. Raw term frequencies might not necessarily indicate the most important terms; thus, we used TF-IDF measure to identify signiﬁcant terms that were changed across
the 49 groups identiﬁed in RQ2.
Hypothesis 1: Highly inﬂuential users (i.e., via followers) are more likely to update their Twitter proﬁle than
less inﬂuential users. To test this hypothesis (from Donath
2007), we calculated inﬂuence as the number of followers
that a user has at Snapshot 0 (Bakshy et al. 2011). To test our
hypothesis that there is positive relationship between number of followers (inﬂuence) and the likelihood of changing
one’s proﬁle, we used logistic regression on the number of
followers (log transformed) on a user’s likelihood to change
proﬁle ﬁelds. We also consider the user’s number of posts
and number of friends as additional independent variables.

Figure 2: Population Cumulative Likelihood Change Rates

to what extent? We examined the number of proﬁles that
made any changes (relative to Snapshot 0) to one of four
ﬁelds: Proﬁle Summary, Display Name, Screen Name, and
Location. Figure 2 provides the cumulative change rates for
each ﬁeld relative to Snapshot 0. We observe that users tend
to change their Proﬁle Summaries and Display Names the
most (16.06% and 13.67% of users), while Location and
Screen Names are changed less frequently.
RQ2: How does the rate of Twitter proﬁle updates
vary for users with different thematic groups? Figure 3
provides the topic proportions from topic modeling with the
top ﬁve terms for each topic in descending order by FREX
probability. Some topics focus on personal labels (father,
husband, activist in Topic 32) whereas others highlight hobbies (video gamer in Topic 22). Figure 4 provides box-plots
of the likelihood to change the four proﬁle ﬁelds over two
weeks. First, organizations and professionals (e.g., Topics
21 and 39) are least likely to change their proﬁles, perhaps
because they want to maintain a consistent brand. Second,
users that were categorized into topics relating to teenagers,
pop music, and gender identity (Topics 1, 35, and 16) have
a higher likelihood of changing their proﬁles.
RQ3: What are the most prevalent types of content
changes to Twitter proﬁle summaries? We examined the
most prominent changed words in the users’ proﬁles for each
group using TF-IDF. We ﬁnd that these words align with
the labels assigned in RQ2. For example in Figure 5, the
words trump, president, and MAGA were more frequently
removed than added for Trump supporters. By observing differences in the frequency with which words are added and
removed within a time span, we can identify social shifts.
H1: Highly inﬂuential users are more likely to update
their Twitter proﬁle than less inﬂuential users. Inﬂuential users tended to change their proﬁle more frequently than
less inﬂuential users, supporting Donath’s (2007) hypothesis. Assuming users’ follower count as a measure of inﬂuence (Bakshy et al. 2011), we observe that users with more
followers are more likely to change three of four proﬁle metrics with 99% signiﬁcance. Figure 6 provides four regression

Results
We describe our results below; we present the implications
with respect to two formative theories from communication
and psychology in the Discussion section.
RQ1: For randomly selected, active Twitter accounts,
how often do users change their proﬁle information and
1
Code provided on GitHub: https://github.com/wesslen/twitterbumper-sticker-icwsm2018.
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Figure 3: Proﬁle Summary topic proportions with top ﬁve
words by FREX probability (Bischof and Airoldi 2012).
Figure 4: Change rate box-plot by proﬁle ﬁeld for each
group (topic). Point labels include interpreted group labels.
results, one for each proﬁle metric as the dependent variable.
Statuses and friend count have a statistically signiﬁcant relationship with proﬁle changes. Also, Screen Name and Location models had higher Log Likelihood values, indicating
a better model ﬁt.

of topics suggests that people are signaling key elements of
identity in their Proﬁle Summaries. Users disclose independent (e.g. artist), interdependent (e.g. conservative), and relational (e.g. father or daughter) aspects of self. Users’ signaling of personal, dyadic, and group identities represents
not only dimensions of identity but also value systems. Using the self-construal categories, we can infer when a user
might be more self-minded or more group-minded, which
has implications for estimating the potential of a user to be
inﬂuenced by types of social media content. Finding 3: The
range in change rates in Figure 4 suggests that certain groups
(e.g. consumers of pop music and video games) engage in
higher self-monitoring. This suggests that groups can be
identiﬁed as a function of their need to signal social leadership (trend-setting) in certain domains. Conversely, it is
advantageous for other groups (e.g. professions) to maintain
a more ﬁxed identify by not updating their display names in
this way. Finding 4: The removal of keywords from a user’s
proﬁle may signal shifting user preferences. Researchers can
therefore look for the removal of keywords from proﬁles as
evidence of a cultural shift. We highlight these word frequency changes as reﬂecting a potential social trend revealed
through a simple, yet intuitive measure as TF-IDF.
Limitations and Future Work: The limitations of our
study point to directions for future work. (1) We could use
a longer observation window to identify long-term trends
than the two-week period in our current study. (2) Additional proﬁle attributes (proﬁle or background images, followers, tweets before or during observation window and in
multiple languages) could be examined to incorporate other
ways in which users express themselves (3) Advanced statistical methods such as survival analysis could be used to

Discussion
We describe our theoretical foundations and then discuss the
implications of our ﬁndings in relation to these theories.
Self-construal theory postulates that individuals deﬁne
themselves in relation to others along three dimensions:
1) independent (e.g. #Gamer), 2) interdependent (e.g. Republican), and 3) relational (e.g. mother) (Cross, Hardin,
and Gercek-Swing 2011). Signaling theory explains how
identity can be consumed and reproduced on social media
(Donath 2007). The content of one’s proﬁle sends a signal about one’s identity–the independent, interdependent,
and relational self-construals that a person chooses for selfrepresentation. Social and cultural psychologists view these
as three dimensions of the self that virtually all people construct to some degree, but until recently, they have examined self-construal within ethnically or nationally deﬁned
cultures (Cross, Hardin, and Gercek-Swing 2011). In the
powerful online social media culture that has the potential to
catalyze social and political movements (Tufekci 2014), we
use self-construal theory to gain insight into how individuals deﬁne and monitor themselves within this culture. These
theories offer insight into the ﬁndings described below.
Finding 1: We see in Figure 2 that users are nearly nine
times more likely to change their Display Name than their
Screen Name at Snapshot 8. This suggests that Display
Names are a prominent ﬁeld where individuals display high
levels of engagement on Twitter to send signals of their collective power. Finding 2: From Figure 3, the heterogeneity
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Figure 5: The top 10 TF-IDF changed words and their frequency of addition and removal for the two salient topic
groups: Trump supporters and Anti-Trump (#Resist) groups.

Figure 6: Logistic regressions to estimate the effect of followers, statuses, and friends on changing four proﬁle ﬁelds.
measure duration (time to proﬁle change), or mixed effects
regression analysis could be used to analyze group-level effects over simple statistical techniques like TF-IDF. (4) Importantly, we can analyze to what extent the bumper sticker
phenomenon is manifested on different social media platforms, given the different affordances these platforms offer
to construct and change one’s online identities.
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