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Abstract

Identity spans multiple dimensions; however, the relative
salience of a dimension of identity can vary markedly from
person to person. Furthermore, there is often a difference be-
tween one’s internal identity (how salient different aspects
of one’s identity are to oneself) and external identity (how
salient different aspects are to the external world). We attempt
to capture the internal and external saliences of different di-
mensions of identity for influential users (“influencers”) on
Twitter using the follow graph. We consider an influencer’s
“ego-centric” profile, which is determined by their personal
following patterns and is largely in their direct control, and
their “audience-centric” profile, which is determined by the
following patterns of their audience and is outside of their
direct control. Using these following patterns we calculate a
corresponding salience metric that quantifies how important a
certain dimension of identity is to an individual. We find that
relative to their audiences, influencers exhibit more salience
in race in their ego-centric profiles and less in religion and
politics. One practical application of these findings is to iden-
tify “bridging” influencers that can connect their sizeable au-
diences to people from traditionally underheard communities.
This could potentially increase the diversity of views audi-
ences are exposed to through a trusted conduit (i.e. an influ-
encer they already follow) and may lead to a greater voice for
influencers from communities of color or women.

Introduction
Identity is foundational to who we are and underlies many of
our interests and actions (Fearon 1999). It also spans multi-
ple, overlapping dimensions (Jones and McEwen 2000). The
level of importance, or salience, of each of these different
dimensions varies from individual to individual and across
situations, and is important in order to understand a person’s
worldview (Stryker and Serpe 1994). Furthermore, identity
is both personal and social — and how we see or under-
stand ourselves does not always align with how others see
and understand us (Barreto and Ellemers 2003). Most of the
literature on identity salience is primarily based on in-person
surveys with limited samples (Abdelal et al. 2001), and work
quantitatively measuring the difference between internal and
external identity has been relatively sparse. Moreover, when
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identity is studied on social media platforms, these dimen-
sions are often studied in isolation (e.g. there is work on
political (Elanor Colleoni 2014) and religious (Chen, We-
ber, and Okulicz-Kozaryn 2014) communities separately),
but there is less literature that compares the salience of mul-
tiple dimensions of identity for the same set of users.

We hope to fill this gap in research by leveraging social
media to define and propose new measures of internal and
external identity across a range of dimensions. We believe
doing so can not only enhance our ability to understand and
compare different notions of identity, at scale, for different
types of individuals, but may also have potential to iden-
tify users that might act as a “bridge” between audiences
and traditionally underheard communities. Additionally, by
measuring the salience of all of these dimensions of iden-
tity for a single, consistent set of users, we can compare in a
common space the relative importance of these dimensions
for influencers and their audiences, which to our knowledge
has not been done before.

Thus, although internal/external identity can vary signif-
icantly between people, we explore whether there are any
consistent divergences in these two types of identity, as that
may suggest a systematic difference in how the world views
these influencers versus how they view themselves. We find
that race is most salient for the influencers, while politics
and religion are more salient for their audiences. This is
an insightful finding for researchers that study identity as
it points to a relatively consistent divergence across influ-
encers that may merit further study. Furthermore, we use
our proposed metrics to identify influencers that could am-
plify voices from traditionally underheard communities (e.g.
people of color or women) which could be useful for policy-
makers and influencers alike. For example, we identify influ-
encers with a significant number of followees in communi-
ties of color relative to their audiences. Knowing this infor-
mation, these influencers could use their platform to amplify
voices from this community by either retweeting or sharing
their content.

Data
Selecting Influencers and Audience Members
We modify the “snowball sampling” approach used in (Wu
et al. 2011) to select influencers. We start with a seed set of
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Identity Dimension Categories

Race Caucasian (63), African-
American (21), Asian (7),
Hispanic/Latino (7), Native
American/Hawaiian (1)

Gender Male (60), Female (40), Non-
Binary (.3)

LGBTQIA+ None Specified (91), LGBT (3),
Gay (2), Bisexual (1), Lesbian
(1), Transgender (0.5), Queer
(0.5), Pansexual (0.2), Asexual
(0.02)

Religion None Specified (78), Jewish
(12), Christian (5), Catholic
(4), Muslim (1), Buddhist (0.3),
Hindu (0.2), Atheist (0.1), Sikh
(0.04), Spiritual (0.01)

Political None Specified (88), Democrat
(7), Republican (4), Libertarian
(0.7), Independent (0.5)

Table 1: All of the categories used for each dimension of
identity, with the percentage of influencers labeled with that
category in parenthesis.

publicly available celebrity Twitter accounts who are mostly
actors, musicians, or politicians (PROFILErehab 2021). We
consider followees two-degrees away from the seed set, and
then filter out to those candidates that have over 10K fol-
lowers and are American. This yielded a set of 12,593 influ-
encers. Next, we select a small random subset (< 1%) of the
followers of the influencers and filter to those that follow at
least twenty people in our set of influencers. This yielded a
set of 80,288 audience members. We test that our results are
robust over different samples of audience members.

Tagging Dimensions of Identity
In order to tag each influencer across the different dimen-
sions of identity, we first find the categories associated with a
given dimension of identity. For racial/ethnic, LGBTQIA+,
and religious categories, we use lists provided by the NIH,
the LGBTQIA+ Health Education Center, and Pew respec-
tively (NIH 2015; National LGBTQIA+ Health Education
Center 2020; Hackett and Grim 2012) Then, for each user,
we intersect these terms with their Wikipedia categories. We
provide the breakdown of categories across dimensions of
identity in Table 1.

Methodology
Which influencers users choose to follow on Twitter is re-
lated to and indicative of the users’ interests (Lim and Datta
2012). Therefore, for a given user we construct measures
of salience across dimensions of identity based on their fol-
lowees’ identity tags. We acknowledge that this list of iden-
tity dimensions is in no way exhaustive, and in fact the pre-
cise definition of identity and whether to use socially con-
structed labels is still being debated (Brubaker and Cooper

2000). However, these dimensions still provide a useful scaf-
folding to measure and compare saliences.

After tagging users and creating identity salience metrics,
we compute the difference in saliences between influencers
and their audiences by utilizing the “social-broadcast” net-
work structure of Twitter. This structure means that a small
subset of users entertain large audiences on the platform
(Wu et al. 2011). We can gauge how an influencer’s audi-
ence views them in the broader cultural landscape by in-
vestigating who else the audience follows, while measuring
the dimensions the influencer deems most salient by under-
standing their own followees. We formalize this concept in
the “audience” and “ego” centric social media profiles for
influencers. Since internal identity is how one views one-
self, and following choices are shown to reflect individual
choices and preferences (Lim and Datta 2012), we view the
“ego” centric profile as a measurable analog to internal iden-
tity. Conversely, since audience following patterns are more
a reflection of how the rest of the world views an influencer,
we consider the “audience” centric profile to be a similar
concept to external identity.

General Notation
Let M = 12593 be the number of influencers in our set,
with individuals K = {k1...kM}, and N = 80288 be the
number of audience members comprised of individuals A =
{aM+1...aM+N}. These are two distinct sets, so A∩K = ∅
We define an matrix F ∈ RM×(M+N) where

Fi,j =


1 j ≤ M,kj follows ki
1 j > M, aj follows ki
0 o.w.

(1)

This is effectively the “followee matrix”. Each column j cor-
responds to an individual (either an audience member or an
influential user), and each entry in the column is one if user
j follows the influential user represented in the ith row, and
zero otherwise. The vector of the followees of individual j
will be denoted by the jth column of F as fj ∈ RM×1.

Race and Gender
We use an entropy based metric to estimate the salience of
these dimensions of identity to the individual. Salience of
racial identity has been associated with homophily in rela-
tionships for Caucasians, Hispanics, and African-Americans
(Mollica 2003), and high gender salience in women is linked
to increased likelihood of friendship with another woman
interlocutor (Ma, Seate, and Joyce 2019). Thus, we assume
that if a user’s followees tend to be of a particular race or
gender, this is likely an indication that this is a relatively im-
portant part of the user’s identity.

Notation We define binary matrices Drace and Dgender

in R6×M and R3×M respectively. In Drace each row corre-
sponds to a different racial category, while in Dgender each
row corresponds to a different gender category.

Drace
c,i =

{
1 ki is tagged as having racial category c

0 o.w.
(2)

Dgender is defined analogously.

1124



Figure 1: An example of computing identity salience. (1) shows the universe of influencers M with the set of audience members
A. We focus on a single influencer (the dark outlined pink star) and their followers (the dark grey boxes in A), with arrows
indicating a follow relationship. (2) illustrates how we find the influencer’s followees in M as well as their audience’s followees.
Finally, given those follow relationships we find a distribution over identity dimensions and compute a salience metric in (3).
Here, since the audience’s followees are more homophilous than the influencer’s, the audience would have a higher salience
score on this dimension of identity.

Metric We calculate the ego-centric identity salience
score eracej for an individual with friends defined by fj as
follows

vrace
j =

Dracefj
||Dracefj||1

(3)

Each entry in this vector is the percentage of user j’s fol-
lowees that have the corresponding racial category c. We let
vracej,c be the cth entry of (3). We calculate the entropy of this
normalized vector to get our metric

wrace
j = −

6∑
c=1

vrace
j,c log(vrace

j,c ) (4)

This value is minimized when all the followees of an indi-
vidual have the same tag, and maximized when the distri-
bution over followees’ tags is uniform. We then normalize
this metric across all users to have mean zero and variance
one, and then multiply by negative one so that lower entropy
corresponds to higher salience.

eracej = −
wrace

j − µ(wrace
1 ...wrace

M+N )

σ(wrace
1 ...wrace

M+N )
(5)

where µ and σ compute the mean and standard deviation
across all users for the given dimension of identity. The met-
ric is defined analogously for gender.

Ego and Audience Centric Identity Salience Scores For
an influential user kj , their ego-centric identity score is sim-
ply edim

j where dim ∈ {race, gender}. Their audience-centric
identity score adim

j is the average of the edim
j s for each of their

followers in A.

LGBTQIA+ Status, Political Orientation, and
Religious Affiliation
Since tags on LGBTQIA+ status, political orientation, and
religious affiliation are not inferable from every Wikipedia
page, we take a different approach to computing salience.
The presence of these tags often indicate a publicly known
aspect of a person’s identity. Therefore, we gauge user

salience along these dimensions of identity by the number
of followees that are tagged as having a category in that di-
mension. This approach is similar to Lim and Datta, who tag
influencers with media categories to determine user interest
in a similar fashion.

Metric To capture the salience of one of these dimensions
of identity for an individual, we calculate the percentage of
their followees without a tag in that dimension. Let f -religion

j
be the number of followees of a user without a religious tag
in K and f total

j be the total number of followees they have in
K. Then our metric is simply

wreligion
j =

f -religion
j

f total
j

(6)

Similar to the metric for race and gender, we normalize
across all users and multiply by negative one to get ereligion

j .
This metric is maximized when all of a user’s followees have
a tag for a given dimension of identity and is minimized
when none of them have a tag. The audience centric met-
ric is calculated analogously to race/gender.

Results
Estimating the Magnitude and Significance of
Divergences in Profiles
After computing the above metrics, we are primarily in-
terested in investigating the difference in the ego and au-
dience centric profiles. We construct the set of differences
Ddim = {edim

j − adim
j | j ∈ [0,M ]} for each dimension

of identity and run several tests to determine any systematic
divergences.

We find that racial salience is higher for influencers,
while religion and politics is more salient for their audi-
ences. As illustrated in Figure 2, there are are a set of in-
fluencers that seem to have extremely high salience for gen-
der/LGBTQIA+ relative to their audiences, which causes the
mean and median differences to diverge significantly. To test
the significance of the results, we ran a paired t-test (Stu-
dent 1908), the Wilcoxen signed rank test (Wilcoxon 1945),
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Figure 2: The top chart shows the average difference in ego
and audience centric profiles ( 1

M

∑M
i=1 e

dim
i − adim

i ) and the
median difference. The intervals shown are from a boot-
strapped confidence intervals with a 99% confidence level.
The box plot illustrates the general right skew of the data,
especially along the gender and LGBTQIA+ dimensions.

and a bootstrap approach with paired samples. The latter
two tests are non-parametric, meaning they do not depend
on the Gaussianity of the distribution of differences. We use
the Bonferonni correction (Krzywinski 2014) to correct for
the chance of a Type I error (p-values multiplied by 15) and
find that race, religion, and political differences are still sig-
nificant (p << .01).

While it is difficult to know precisely why we see these di-
vergences, one potential reason that we see more homophily
along race for influencers relative to audiences is that influ-
encers often utilize Twitter more professionally, and occupa-
tion tends to be related to race (Queneau 2009). When inves-
tigating the influencers with extremely high gender salience,
we find that a significant number of them are football play-
ers that follow other football players, who are almost exclu-
sively men. Thus, a consequence of occupational homophily
for Twitter influencers could lead to the high racial/gender
salience we observe. Additionally, since an influencer’s fol-
lowees are public, they may be more careful when following
political elites as to not alienate any of their audience. How-
ever, we emphasize that a current limitation is that we can-
not explain concretely the reason for these differences and
would encourage future work in this direction.

Identifying “Bridging” Influencers
One additional application of these metrics is to identify
“bridging” influencers that connect their audiences to voices
from communities to which they are underexposed. To find
these users, we examine influencers that exhibit a large di-
vergence from their audience in salience across gender and
race. Then, we determine how their following patterns differ
from their audiences and highlight cases where they could
act to amplify messages from traditionally underheard com-
munities. In Table 2, we list a few example influencers and

Inf. Salience
Diff

Bridge
to

% Followees
Inf. Aud.

Dolly Parton 3.32
Women

94% 43%
Ingrid Nilsen 1.00 76% 49%
Melinda Gates .68 73% 41%
Allen Iverson 2.40

POC
77% 60%

Kendrick Lamar 1.19 86% 57%
Katrina Taylor .97 84% 66%

Table 2: We identify influencers that can act as “bridges”
from historically underheard communities to their audi-
ences using our metric, and contextualize the gap in iden-
tity salience between the influencers and their audiences.
For example, along the dimension of gender Dolly Parton
exhibits significantly more salience (2.9) than her audience
(-.4) leading to a difference of 3.3. Investigating this gap
further, we see that 94% of Dolly Parton’s followees are
women, whereas on average her audience’s followees are
only 43% women.

focus particularly on those that can act as bridges to women
or people of color (POC). If these influencers were aware
of the unique role they could play for their audiences, they
may be more intentional about retweeting or sharing content
from the underheard communities that they follow, but their
audience does not. Thus, in addition to the sociological find-
ings on divergences in internal/external identity salience, we
also see the potential to leverage these insights into collabo-
rations with influencers to connect their audiences to under-
heard communities.

Discussion and Limitations
Although there are many factors that influence following
decisions, these results suggests a systematic divergence in
“internal” versus “external” salience on these dimensions of
identity. We quantify the extent of this discrepancy, with race
and politics being the most divergent. Moreover, since who
one follows on Twitter partially determines the type of infor-
mation one receives on the platform, it is also an important
result that the influencers’ followees (and thus whose con-
tent they see) tend to be more homophilous along race than
their own audiences. This information could even be given to
users interested in their own following patterns to encourage
increasing their diversity of followees (Gillani et al. 2018)
or expanding awareness to other communities. Influencers
could also benefit from seeing their audience’s most salient
dimensions of identity to better connect with them and un-
derstand how they fit in to their audience’s broader following
patterns. We also acknowledge the limitations of the current
work. Since this analysis only includes five dimensions of
identity, it could be affected by other latent factors and we
make no causal claims on reasons for the observed diver-
gences. Additionally, any systemic bias of which users have
Wikipedia pages or which categories are present or omitted
could influence the results. However, we believe that this
work should enrich our notion of the nuance of identity and
provide new methods for exploring and understanding iden-
tity on Twitter.
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