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Pronoun Lists in Profile Bios Display Increased Pre valence,
Systematic Co -Presence with Other Keywords and Network Tie
Clustering among US Twitter Users 2015 -2022
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Over the past few years, pronoun lists have become more prevalent in online
spaces. Currently, various LGBT+ activists, universities, and corporations
encourage people to share their preferred pronouns. tatsarch exists
examinng the characteristics of individuals who do publicly share their
preferred pronouns. Using Twitter bios from active-l0&ted accounts
between early 2015 and June 30, 2022, we explored users’ expression of
preferred pronouns. First, we noted the prevalence of users with pronoun
lists within their bio has increased substantially and that users with pronoun
lists in their bios have tweeted more and created theoumts earlier than
users without a pronoun list. Second, we observed that certain linguistic
tokens systematically emccurred with pronoun lists. Specifically, tokens
associated with lefiving politics, gender or sexual identity, and social
media argot caccurred disproportionately often alongside pronoun lists,
while tokens associated with higwing politics, religion, sports, and
finance ceoccurred infrequently. Additionally, we discovered clustering
among Twitter users with pronouns in their bios. Specifically, we found an
aboveaverage proportion of the followers and friends of Twittersisgth

L Tucker: leticker@crimson.ua.edu
Jones: Jason.j.jones@stonybrook.edu
Date submitted: 20203-05

Copyright © 203 (Tucker &Jone$. Licensed under the Creative Commons Attribution Non-
commercial No Derivatives (bgc-nd). Available at: http://journalqd.org



Tucker, Jones Journal of Quantitative Description: Digital Medié2023) 2

pronouns in their bio also had pronouns in their bios. Twitter users who did
not share their preferred pronouns, on the other hand, were
disproportionately unlikely to be connected with Twitter users who did.

Keywords: Twitter, pronoun list, preferred pronouns, identity

Over the past few years, preferred pronoun usage hasygreaeased. One can
find preferred pronoun lists expressed in email signatures, on nametags, irs@00oNsr
when two people meet for the first time and in social media bios. There is eviofenc
dramatic increase in web searches containing the terntsrttie/she/her”, or “they/them”
(Google Trends, 2022), including the phrases “why do people put she/her” and “what does
they/them pronouns mean.” LGBT+ centers at various universities (The rkityvef
Maryland, n.d.; University of California, Davis, 2021), diversity centers (“Pronouns: a
How-to”, 2021), and companies (Chen, 2021) encourage people to share their preferred
pronouns. An editorial supporting the sharing of pronounwsispublished by The New
York Times (Galanes, 2021). In 2021, Linkedin (Arruda, 2021), Instagram (Instagram,
2021), and Zoom (Stewart, 2022) each added a separate field for users to specify their
preferred pronoun lists. A YouGov poll conducted in June and July of 2022 found that 49%
of Americans had encountered preferred pronouns in someone’s social media bio
(YouGov, 2022).

This increase in prevalence of pronoun lists has coincided with increases in the
proportion of Americans who identify as nonbinary. The Wilkaimstitute estimated that,
in 2022, 1.4% of Americaraged13-17 identified as transgender (Herman et al, 2022). A
2017 report by the same group estimated that only 0.7% of Ameragetl13-17
identified as transgender (Herman et al, 2017). Pew Research found that, in 2021, 26% of
adults in the US knew someone who uses gendetral pronouns, up from 18% three
years prior (Minkin & Brown, 2021).

While many groups of people benefit from sharing preferred pronouns (for
instance, people with gendambiguais names), there is a particular benefit for nonbinary
and transgender individuals. Much discourse related to expressing one’s preferred
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pronouns centers around being an ally for LGBT+ individuals. LGBT+ activists (Wamsley,
2021) encourage people to avoid misgendering others by asking for their pronouns.

The new popularity of preferred pronouns within personal identity expression
marks a good opportunity for quantitative, descriptive research. Here we studied the
Twitter profile biographies of US users. We estimated the prevalence sfxiepronoun
lists, contrasted the relative prevalence of words appearing alongside prorewamdist
detected clustering of pronouns lists within the Twitter follow network.

There is a small but growing set of resear®ing social media bios as a
measurement tool for personally expressed identity. Using Twitter bio2fbaBto 2018,
Rogers andlones(2021) argued that an increasing number of Americans consider their
political affiliation a part of their identity. In@21, Jonesanked 17,765 unique tokens
based on growth over time within US user bios and found pronouns at the top. Using
Twitter bios of US partisans, Eady et al demonstrated a decrease in ‘thetpaessions
of identification with the Republican Party and Donald Trump” in the wake of the US
Capitol insurrection on January 6, 2021 (2021). However, apart from a preprint by Jiang et
al (2022), which will be discussed in depth in the Discussion, little quantitatiearobs
exists concerning pronoun lists within user biographies on social media sites.

Data and Methods

In this work, we used the Longitudinal Online Profile Sampling metlodgs
2021) and Twitter profile biographies to measure expressions of persondlyideet
time. This affords several advantages. First, the prompt for a Twitter bionseoped,
and users are not shown a template; thus, a user’s bio-geselfated, sellescriptive
text. The average Twitter bio is updated approximately once per year (Roderses
2021). Thus, biosre relatively stable, but in large samples and over the course of years,
meaningful variation can be observed. Unlike other socialargtes, Twitter has never
had a separate field for users to enter their preferred pronouns, so thegozsErsence
of pronoun lists within the bio remains a useful measure across time. Finailiigridata
is easily accessible.

Sampling and Filtering

The target population was active, lfgated Twitter accountéctive was defined
as: observed authoringtaveet. US-located was defined based on the account’s profile
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location text. The function classifying locations as US or not is available at
https://osf.io/472sfDeveloped iteratively over years, the function is a set of heuristics to
capture common ways Twitter users indicated US andi®focationsFor example, state
names and abbreviations indicate US locations; names ohaktapitals in isolation
indicate norRUS locationsCairo is mapped notyS, while Cairo, NYandCairo Illinois

are mapped US.

We are characterizing Twitteixccountsand their proclivitiesThe authors are all
too aware that social media profiles do not map-tor@ne with human individualsA
Twitter account could represent an organization, a software bot or one persadipgete
to be anotheltUsers of Twitter are not a random sample of the US popul&t®rertheless,
we believe the study of temporal linguistic trends with ffewi account bios is an
interesting, worthwhile endeavddo matter who or what controls an account, their bios
are observed by human individudtss impossible to verify, but we believe most accounts
do represent individualsThere are vastly more people than there are compahies.
representative sample of American adults could be had through other. Miealisonal
household sampling would be omowever, such methods would never reach the scale or
temporal resolution of the current work without a gargantuan budget.

Thus, we believe U$cated Twitter accounts comprise an interesting target
population First, there are many of them: 76.9 million as of January 2022 (Statista, 2023).
Second, a single national context simplifies analysis and interprefétierauthors have
a greater understanding of the US context (both are activgdagd Twitter uss) than
we anticipate we would for a global or multinational peenThird, we speculate that
active, USlocated Twitter accounts have outsize influence on attitudes, beliefs aald soc
norms. The Twitter activity we describe here has the potertbahffect millions of
individuals’ attitudes, beliefs and social norms both online and off.

Constructing Annual and Daily Datasets

We constructed crossectional datasets at two different temporal resolutions:
annual and daily. All data began from the 1% sarap#l public tweetsWe observed the
tweet stream using the Twitter API version 1.1 GET stdi(sample endpoint (Twitter,
2023).We observed the user’s biography at the time of posting. If multiple tweets in the



Journal of Quantitative Description: Digital Media 3(2023) Pronoun ListsfiteMBios 5

time period were from the same user, wkested one at random to keep and discarded the
rest. Thus, a user observed tweeting 100 times in 2015 appears exactly once in the 2015
annual sample, as does a user observed tweeting once in Qadiarly, at daily
resolution, a user observed tweeting 20 times on-204Y¥7 and a user observed tweeting

4 times both contributed exactly one record on that day in the daily resolution dataset.

We continued observing the stream, but do not include here data from July 30, 2022
onward due to a few potentially disruptive events. In August 2022, the version 1.1 sample
stream became less reliable and delivered anomalouslydimmes of tweets at timek
September 2022, we migrated to the Twitter APl Version 2 sample stream en(diploast
been technically sau.)In October 2022, ownership of the platform changed from a public
to a private companyOur analysis was performed in July 20%%2e have not yet fully
examined what effects and artifacts may be preseheitate 2022 data.

We generatednnual, crossectional datasets for every year 2@022.(2015 and
2022 were partial yeardr) each year, one observation per active;ltated account was

recorded. Table 1 lists tallies of unique accounts per year.

Table 1: Unique Accounts byYear

Year 2015|2016 | 2017 | 2018 | 2019| 2020 | 2021 | 2022
Millions of Unique 8.56 | 10.23| 10.64| 10.31|9.82 | 10.18| 8.17 | 5.45
Accounts

We also constructed daily resolution, crgsstional dataset$he procedure was
exactly the same as above, except the wneow was one day rather than one yéanm
daily data, one can more smoothly track the pace of change. One can also obsetye activi
in temporal proximity to high-profile events (Jones & Cisternino, 2022).

It is not possible to our knowledge to rardomly sample from the population of
all Twitter usersinstead, we use the random sample of tweets to sample active accounts.
This has implicationsThe more an account posts, the more likely they will appear in our
data. This will be stronger (and a desir feature) in the daily resolution datdigher
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representation of frequent tweeters will still be present, buples®unced, in the annual
data.Notably, exclusively lurker accounts (who read but never post) will never be sampled.

Pronoun Lists

We chose to examine five pronoun lists: she/her, he/him, they/them, she/they, and
he/they. Under our tokenization process, “he/him”, “he/him/his”, and “he/his” afe eac
considered different pronoun lists. Because even similar pronoun lists, such d&{she/
and “they/she”, can mean different things to the people who choose those labels, we chose
to treat each pronoun list as its own category.

Each pronoun list we chose to consider was significantly more prevalent than the
next-mosteommon similar pronoun list, as is demonstrated in Table 2. Apart from these
five and similar pronoun lists, the most common pronoumigsta Portugueséanguage
pronoun list— “ela/dela” —with a prevalence of 2.1 occurrences per 10,000 Twitter bios.
This was not frequent enough to warrant inclusion in our analysis. We also considered
including neopronouns in our analysis, but no neopronoun list occurred frequently enough
to reliably surpass a prevalence of 1 per 10,000 criterion. As a result, we focysed onl
the five most common pronoun lists: she/her, he/him, they/them, she/they, and he/they.

Table 2: Prevalence of pronoun lists from Jan 1 — June 30, 2022

Pronoun List Prevalence (per 10,00 Nextmost-commor Prevalence (p€et0,000
unique user bios| Similar Pronoun List unique user bios

She/her 224.4 She/her/hers 11.6
He/him 157.5 He/him/his 14.2
They/them 36.7 They/them/theirs 0.45
Shel/they 30.1 They/she 5.8
He/they 17.7 They/he 3.5

Note also, if a bio contained two or more of the five pronoun listsomeidered,
we placed that bio into its own category. A bio containing both “he/him” and “they/the

for instance, would be considered a bio with a pronoun list, but would be counted as an

instance of “Multiple pronoun lists” and not counted as an instance of eithentfiebr
“they/them”. In 2022, the prevalence of “Multiple pronoun lists” was 4.20.
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Tokenizing and Calculating Prevalence

To convert the unstructured biography text data to structured tabular data, we
considered each bio to consist of acdfdinguistic tokens. We used the regular expression
“["a-zA-Z0-9/"’-]" to tokenize bios. This regular expression split the Twitter bio at any
character that was not alphanumeric, a forward slash (as used in pronoun lists), an
apostrophe, a backtick (often used as an apostrophe mark), or a hyphen. The resulting lis
was reduced to the set of distinct tokens which appeared in the Twitter biotHesersets
we could tally the number of unique users whose bios contained any token.

Prevalence was defined the number of bios a token appeared in per 10,000. We
calculated prevalence rather than proportion for convenience. Ités eaanderstand that
“student” has a prevalence of 84 per 10,000 in 2022 than that the proportion of bios that
included “student” in 2022 was 0.0084, for instance. We also calculated the prevalence of
tokens among subsets of bios. For instance, among Twitter bios containing a prsinoun li
in 2022, “student” has a prevalence of 202.

2NAR= 39#A>E|#©LA:NBJC110000
=HAI?A PKR=HEKO ;

Comparing prevalence in the total sample to subsets leads to discussiotivef rela
prevalence. We defined the relative prevalence of T@kes the ratio of the prevalence
of Token A in the subset to the prevalence of Token A among all bios. Consider an
example. In 2022, the token “student” had a prevalence of 84 among all bios and a
prevalence of 202 among bios that contained a pronoun list. Thus, the relative pesvalenc
of “student” among bios with a pronoun list is 2.40, or 202/84.

If a relative prevalence was less than 1, we expressiis negative inverse. As an
example, “brother” had a prevalence of 16.8 among all bios and a prevalence of 8.1 among
bios with a pronoun list. Thus, its unadjusted relative prevalence would be 0.48d,Instea
we say that the relative prevalence of “brotherlig 0.48 =-2.1. We adjust the relative
prevalence of these tokens for the sole purpose of improving data visualizationsiklis ea
to graphically show the difference betweénand-4 than between 0.5 and 0.25. Any
further calculations involving relative prevalence (such asidence interval calculations)
usedunadjusted relative prevalence. A positreéative prevalence means the token was
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more common in bios with a pronoun list; a negatelative prevalence means the token
was less common.
2NAR=HAPRPBQ>0OAP

= PERNRAR = ?2 A
4AH A3 TRANZNAR=HAJ?A

_ _ o p 254
*+BBARNARI, 4AH—P2E\IFA/R—FMJE5,§UUEﬂ£é®é

We expect the average token to have a relative prevalence of roughly 1.1.
Discussion of the expected relative prevalence can be found in Appendix A.

We also were interested in determining the prevalenceaative prevalence of
bigrams and trigrams. To determine whiclgnams appeared in any given bio, we again
tokenized the Twitter bios using the same regular expression as before. We edresagér
group of n consecutive tokens to be-gram, so a Twitter bio that is tokenized into a list
of 20 candidate tokens will have 19 candidate bigrams and 18 candidate trigrams. We
discarded any bigrams or trigrams containing a pronoun list we study. Weotiesrted
the list of nrgrams into a set of uniquegrams. Using the same methodology used to
calculate the prevalence and relative prevalence of $okea calculated the prevalence
and relative prevalence of each bigram and trigram.

Results
Daily Prevalence

We first wanted to understand how pronoun list usage had changed over time. To
do this, we calculated the prevalence of each of our five pronoun lists each day, using our
daily crosssectional datasets. We then plotted each prevalence meer ti
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Co-occurring N-grams

Next, we investigated the extent to which other tokens, bigrams, and trigrams co-
occurred with pronoun lists. In Figure 2, we examine the relative prevalence of various
grams among bios with “she/her” pronouns and “he/him” pronouns, which together
account for 81.6% of pronoun lists in our 2022 cross-sectional dataset. It should be noted
that ngrams are only included in this chart if their prevalence aotbng all Twitter
bios and among Twitter bios withpaevalence of deast 1.0.

Figure 2: Relative Prevalence of NGrams by Pronoun List

Note that Figure 2 depicts onlygnams 0f20 <= relative prevalence <= 20 among
both bios with “he/him” and “she/her”. This is for readability purposes; asatigerof
relative prevalences included in this chart increasegrfexgrams can be includdédr any
given range of relative prevalences, and the chart bectese information dense. We
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chose this cutoff as it maximizes the amount of token information that can be shdyed. O
three outlier tokens are excluded from this figure: “alumna”, whichldvappear at the
point (111.4, 3.1); “Latina”, at point-§3.4, 4.5); and “father”, at point (1.158.7).
Appendix E contains similar figures that contain (1) only tokens, (2) only bigrams, and (3)
only trigrams. Appendix C links to code to visualize this figure with different ranges of
relative prevalencédditionally, Appendix D contains information about a glossary which
explains the n-grams in this chart which are not necessatulyive.

Each quadrant in this figure represents a differemigoat of n-gram. The top left
guadrant contains-grams that ceccur disproportionately frequently alongside “she/her”
pronouns and disproportionately infrequently alongside “he/him” pronouns, while the
bottom right quadrant represents the opposite pattern. They are dominated bigiradly
terms and likelymale terms, respectively, which is consistent with thegsdion that
people generally use their Twitter bios to describe themselves (i.e. “Proud hysioashd”
not others (i.e. “My husband is ...”). Of gigular interest are the fewgrams in these
guadrants that aren’t inherently gendered. “Engineer” occurs far more often alongside
“he/him” than “she/her”, consistent with data showing that the vast majority afesrgi
and engineering graduates are male (De Brey et al, 2021; Employment, 2022). The top left
guadrant contains references to BTS, a Korean pop music group, and to astrology.

The top right quadrant of this figure containgnams with positive prevalences
both among bios with “she/her” and “he/him” pronouns. Most of thegmams are related
to either (1) leftwing politics, (2) gender or sexual identity, (3) video or tabletop gaming,
or (4) slang words. The bottom left quadrant, on the other hand, contgnasne with
negative relative pralences both among bios with “she/her” and “he/him” pronouns.
These rgrams are generally related to (1) sports, (2) +ghg politics, (3) religion, (4)
finance or cryptocurrency, or (5) are Spanish words.

Together, “she/her” and “he/him” account fasf over 80% of the pronoun lists in
our dataset. Thus,-grams in the top right quadrant likely have positive relative
prevalences among all bios with a pronoun list, whitgams in the bottom left quadrant
likely have negative prevalences among alslwath a pronoun list. To be certain, we must
examine tokens, bigrams, and trigrams with particularlyelargsmall relative prevalences
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We see the same categories here as we saw in the befttand top right quadrants
of Figure 2. Unsurprisingly, a large proportion of the tokens with the largksive
prevalence values are related to gender or sexual identity. Patriotic and relijiens t
appear to be particularly unlikely to be listed alongside a pronoun list. Tokens we
categorize as leftving politics appear exclusively in the high relatprevalence list, while
right-wing politics tokens appear exclusively in the low relative prevalence lisb. Tw
Spanishlanguage tokens have low relative prevalence; few Twitter bios contain both
Spanish prepositions and English pronoun lists. Additionéitgncial and particularly
cryptocurrency tokens dominate the list of tokens with low relative prevalences.

Characteristics of Pronoun List Users

Also of interest were other characteristics of Twitter users who inclugezhaun
list in their bio. Didthey create their Twitter accounts more or less receliigfe they
more or less active than the average user in our samMf@e2 they more or less likely to
be verified? We answer these questions in turn.

Here, we split Twitter bios without@onoun list into two categories: users with a
blank bio and users with a bio that is neither blank nor contains a pronoun list. We find that
Twitter users with a blank bio tend to be particularly less active and lessctethnBy
differentiating, one cambserve both the rate of writing something and not including
pronouns and the rate of simply leaving one’s bio blank. In Figure 4, we examine the
5,444,623 Twitter profiles gathered between January 1 and June 30 of 2022.
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Figure 4: Distribution of Pronoun List Status in Twitter Bios by Join Year
(2022 active, USecated users)

Note that the +values are in thousands of bios. This chart illustrates two general
phenomenaRecentlycreated accounts (2021 and 20@&)less likely to include pronoun
lists intheir bios.Long<enured, stilactive accounts (200B008) and the 201@in cohort
areespecially likely to include pronouns.

Next, we examing metrics regarding the influence of Twitter usetbeir friend
count (the number of users they follow), their follower count, and whether theydietive
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Table 3: Influence of Twitter Users by Pronoun List Satus
Pronoun List Proportion of Bios | Mean Follower Mean Friend Count
Verified Count
She/her 1.65% 1809 829
He/him 1.60% 1756 894
They/them 0.46% 915 628
Shelthey 0.41% 1214 603
He/they 0.46% 997 702
Multiple 0.30% 993 725
No Pronoun List 1.55% 2742 805
Blank Bio 0.08% 519 406

We see a broadly similar pattern across all three msetfiwitter users with

“she/her” or “he/him” in their biareroughly as likely to be verified as users without a

pronoun list, while users with other pronoun list® much less likely to be verified.
Similarly, Twitter users with “she/her”, “he/him”, or no pronoun list have thgekstrmean
follower and friend counts, while users with other pronoun lists have slightly fewer.

Finally, we investigatgthe activity level of Twitter users based on th@ionoun

list status. To do so, we examihstatus count (the total number of tweets and retweets

posted by a user) of Twitter users, grouped by pronoun list status.

Table 4: Status Count of Twitter Users by Pronoun List Stus

Pronoun List 15t 10" 50" ogh ggh
Percentile | Percentile | Percentile | Percentile Percentile

She/her 21 342 13,647 33,871 12,6046
He/him 20 316 11,936 29,205 11,4134
They/them 13 218 11,474 28,756 11,1799
He/they 13 214 11,183 27,306 11,8203
Shel/they 17 256 12,014 30,567 10,5242
Multiple 15 324 13,462 34,223 13,8315
Blank Bio 3 38 5,566 13,693 6,9664
No Pronoun List 5 87 9,993 24,963 11,1918
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Once again, there are generally consistent results. Twitter uskrslanik bios are
by far the leastngaged. Twitter users without a pronoun list consistently have lower status
count than Twitter users with a pronoun list, while the distributions of status count among
Twitter users with a pronoun list are similar regardless of the pronoun ligte Tieeds
also hold when controlling for the year the Twitter account was created. Thidsegtr
our observation from Table 2 and Figure 1 that the prevalence of pronoun lists is larger
among our Daily Cross Sectional Datasets than our Annual Cross SeDiadaséts.

Put together, this data suggests that Twitter users with a pronoun list other than
“he/him” or “she/her” pronouns are less a part of thedtiaup” of Twitter than users
without a pronoun list: they have fewer followers and friends despitg Ineome active,
and they are much less likely to be verified than other users. Twitter userha/him”
or “she/her” in their bio joined Twitter earlier and are maotive than Twitter users
without a pronoun list, but both groups are verified at sindges and have similar mean
friend counts. Twitter users without a pronoun list have a far larger averagedoll
account than users with any given pronoun list, but this gap nearly disappears when
excluding verified accounts: No Pronoun List has a medlower account of 1232,
compared to 1136 for “he/him”, the nextostcommon pronoun list status. Predictably,
Twitter users with a blank biarethe least followed, verified and active.

The slight decrease in prevalence of pronoun lists among accounts created in 2021
or 2022 is of interest as it coincides with a slight decrease in pronoun list prevsilece
2021 as demonstrated in Figure 1. This may suggest that the phenomenon uf fist&10
in Twitter bios has peaked.
Pronoun List Clustering

We next explored whether users with a pronoun list in theiateoonnected with
other pronoun list users at a disproportionately high rate. Specifically, we examined
“following” ties betweenusers with and without a pronoun list in their bio. First, we
randomly selected equal numbers of users from both categories (N approximately 3000
each). The presence of a pronoun list in the bio in 2022 defined the category membership.
Next, we used the GEfollowers/list request to receive a list of their 00®ost recent
Twitter followers (or, if the user had less than 1000 Twitter followers, allheir t
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Using Twitter bios from US users observed between early 2015 and June 30, 2022,
we found evidence for increasing prevalence of users with pronoun lists, differences
non-bio attributes among users with different pronoun lists, systematic categfdon&sns
co-occurring (or not) with pronoun lists and clustering of pronoun list usage within the
follow network. We will discuss each finding in turn.

The number and proportion of individuals listing pronouns in their bios increased
substantially. As can be seen in Figure 1, recent waavenanyfold growth in prevalee
for every pronoun list. This accords with other observations (Jiang et al., 2225
2021). Interestingly, the current data suggest this growth may have plateaued.

We find that the earliest Twitter users (those who created their account during 2006,
2007, or 2008aremore likely to include pronoun lists in their Twitter bithan Twitter
users who created their account later. Restihe earliest Twitter adopters neg/ounger,
more educated, or politically liberal than later cohorts, and demographics wouldhexplai
the differenceOr perhaps the difference is one of personality: the same type of person
embraces new behaviors (Twitter and preferred pronouns) before massorado
Interestingly, “he/him” is the most popular pronoun list among bios created in 2006 or
2007, while “she/her” is most popular among bios created in any other year. This is in line
with past research demonstrating that Twitter users between 2006 and 2007 were
disproportionately male (Mislove et al, 2021).

We found that Twitter users with any pronoun list were more active on Twitter than
users without a pronoun list in their bio. However, while Twitter users with'tieheor
“he/him” pronouns hae comparable influence to Twitter users without a pronoun list (as
measured by average follower count and proportion of accounts verified), Tugieer
with “she/they”, “helthey”, or “they/them” pronoun listsvedess influence than Twitter
users without a pronoun list.

We note that corporate or brand accounts are a potential source of bias in this
analysis. Corporate accounts are unlikely to contain a pronoun list (as theyneamese
human entity) but may be more likely to be verified or have large follower countedinde
when removing verified accounts from our analysis, aunéithat the gap between the
average follower count among Twitter users without a pronoun list and Twitterwisier
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“she/her” (the pronoun list with the largest average follower count) in their s ¢ham
over 900 followers to under 100 followers.

Users with a pronoun list in their Twitter kacemore likely to also include-grams
related to lefwing politics and gender or sexual identity and less likely to aldode n
grams related to finance, sports, religion, patriotism, or -aghg politics. Polling
indicates that individuals who support publicly sharing preferred pronouns tend to be
younger, more liberal, and less religious (Kirzinger et al, 2021; Lipka & Tevington, 2022).
Our results match these results and suggest new categories that may distingeiistohos
support and adopt preferred pronoun usage from those who do not.

Users with a pronoun list in their bame mordikely to follow, and be followed by,
other Twitter users with a pronoun list in their bio. Similarly, usersadrot clustemwith
others who do not. Here we moot three theories for why this would be:

1. Pronoun-specific homophily. Twitter users whaoublicly share their preferred
pronouns presumably have a positive opinion of people sharing their preferred
pronouns in Twitter bios. They may be more likely to follow another user if the
other user has a pronoun list in their Twitter bio, all else equal.

2. General homophily.It is a human tendency to associate with similar othdfrarA
much of the sorting we observe here may have been done based on other (including
unobserved) common attitudes, affiliations, or demographics.

3. Social contagionPerhaps emuntering pronoun lists in the Twitter bios of social
ties encourages one to adopt that same behavior. The clustering we observe is
consistent with contagion-like spread as the mechanism for growth.

To be clear, any combination of the above (includingermmall) could be true and
accord with our demonstration of clustering. Theory 1 might be tested experignental
with agentbased modelling just as racial segregation in tie faondtas (Firmansyah &
Pratama, 2021; Wimmer & Lewis, 2010). Regarding Theory 2, we have demonstrated that
other affiliations besides sexual or gender identipcour alongside pronoun lists. For
instance, FFXIV is an acronym for a videogame: Final Fantasy 14ldagifing political
opinion and neurodivergence signifiers (iadhd and autistic) also @xcur. The
predictable cabccurrence of these tokens could be due to general homophily.
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One interesting avenue to explore further would be the prominence of political
spectrum signifiers associated with the presence or edskpronouns lists. Here we have
shown numerous signifiers (i.e. leftist, acab) were more likely to occur in theobios
Twitter users with pronoun lists than userawn at random. It has been previously
observed that Twitter users are more likely to heneated to copartisans (Colleoni et al.,
2014). Additionally, Twitter users are more likely to forntisb ties with accounts with
their same political affiliation (Mosleh et al, 2021). Users with pronouns in bieimay
be more connected with other us@&rith pronoun lists in their bios as an indirect result of
shared political affiliations. Further analysis could attetopdetermine which is the tail
and which is the dogis the pronoun clustering incidental to ideological sorting or its own
phenomenon?

Alternatively (or additionally), clustering of pronoun list users could be thdtres
of that behavior spreading online through social contagion. Just as infectious diseases
spread when an uninfected individual encounters an infected individual, a social contagion
spreads when an individual participating in the phenomenon encounters an individual not
yet participating. Voting is one example of a social contagion; Facebook usersomer
likely to vote when it was made salient to them thairtblose ies had voted (Bond et al,
2012; Joneegt al, 2017). Careful examination of the timecourse of pronoun list additions
within the network would presumably reveal evidence for or against a contégion
mechanism of growth.

After completing the work described here, the authors discovered a preprint
manuscript with similar methods and (encouragingly) similar results. Jiang(20224)
examined pronoun list usage within a set of Twitter bios associated with Elagigirage
tweets relating to COVIEL9. Sampling is one major difference in the studies. Jiang et al
used a dataset of just over two billion tweets relat€dQ¥ID-19, gathered by Chen et al
(2020). The data was collected based on keyword matching without restriction on
geography. The sample consists of tweets posted between January 21, 2020 and November
5, 2021. 63.66% of tweets were in English.

The data used in this paper consisted of bios of US users whose tweets appeared in
the 1% random sample stream provided by the Twitter API. About 200,000 unique users
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met these criteria each day. The sample was collected from2€drbythrough June 30,
2022. Thus, one would expect the Jiang et al sample to reflect those discussing-C®DVID
within the global Englistspeaking set of users. The current sample refledteeacsers
over a longer period with a US location listed in their profile.

Despite the differences in sampljrilge two reports contain similar results. In their
sample, Jiang et al. estimated 8% of tweets originated from users who included gender
pronouns in the bio. In this work, we found 4.61% of unique users included any pronoun
list. Jiang et al. found roughly double the number of tweets from she pronoun users as he
pronoun users. Here, we found roughly triple the number of unique users with she/her in
the bio as he/him. These numbers strike us as independent replication of the saime patt
The small differences in exact values likely are the result of countindstuwea global
English sample versus counting users in a US sample.

Further, our two investigations yielded remarkably similar results for coraeg
tokens. (Compare Figure 3 across both manuscripts.) Trump, god and country show up in
both samples as reliable predictors for the absence of a pronoun list. Fireqoency
tokens acab and icon appear in both lists of positive predictors. Evidence foo the
occurrence of pronouns and signifiers of gender or sexual identity arvdrgfiolitics
emerged from both datasets. We believe these consistegitees true relationships which
exist within users’ selperceptions.

Finally, both manuscripts investigated social network effects but in diffelsys. w
Here, we presented descriptive evidence that pronoun use in the bio clustered iovthe fol
network. Jiang et al. built a deep neural network to predict which users would add pronouns
to their bio. They included many features in the model, but for the purpose of expluat
social network effects, it is most important to note theynbined temporalpounded
adoption information (when users adopted pronouns) and tempboalhyded interaction
information (who retweeted/menhed whom and when did they do so). They drew two
interesting conclusions. First, they argued the presence of users with nonplbamaryns
in one’s network was “linked” with subsequent addition of pronouns to one’s bio. Second,
they argud for selectiveeffects: she/her neighbors beget she/her pronouns in the focal
user, and corresponding linked behavior is present for he/him arkimany pronouns.
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Both investigations of social network effects provide tatey hints that Twitter bio data
could and should be used to explore the spread of new social norms.

Studies of Twitter bios over time are valuable for another reason: the meéimods ¢
be replicated nearly exactly and new data is generated constantly. Knowledge decays
because the world is constantiyanging (Munger, 2019). Temporal validity should thus
be a constant concern of social science. The methodshdesbere can be repeated on
any selfdescriptive short text data past or future. That does not guarantee thatlise res
currently describedhall hold true, but it does at least provide the opportunity for other
researchers to compare results across time, geography and media.

Theorists of identity should engage with these new methods and results. Stets et al.
(2020) recently posited a refined Identity Theory in which individuals define #leass
with “role-related seHperceptions”. That is, identity is the various roles in society one
claims €.g.,mother, doctor, gardener, etc.). Furthermore, the theory states that people try
out differentidentities and keep those that receive social validation (Burke & Stets, 2009).
We posit that sharing preferred pronouns has only recently begun receiving validation. It
would follow that the phenomenon would become more common following greater
validation by others. While not considered here, one could imagine ways to test whether
this process of triavalidationspread best describes what one observes in Twitter bio data.

Conclusion

We have observed that many more US Twitter users inclpaedrred praouns
in 2022 than did in previous years. Within those bios, we found systematicity in which
words ceoccurred with pronoun lists. Additionally, the evidence revealed clustering
within the Twitter follow network for this expression — pronoun users were fikety to
follow and be followed by a pronoun user than one would expect if ties were independent
of bio content. Far beyond this single manifestation of personal identity expresgiter T
bios provide an opportunity to study how individuals percaive present their selves.
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Appendices

Appendix A: Expected Relative Prevalence

If Twitter bios were filled out randomly, we would expect the relative precale
of a random token among bios with a pronoun list to BeBecause Twitter bios are not
written randomly, we expect teee both large positive relative prevalences and large
negative prevalences (which are the same as small ygosithadjusted relative
prevalences). One important factor is blank bios. In any given year betwee2 @5
roughly 15% of active Twitter users in the USImathing listed in their bio. (In the 2022
dataset, 13.1% of bicsre blank). Because empty bios cannot contain pronoun lists, we
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been used previouslygnes 2021). In most cases, this expression splits a bio into words
as desired. This expressifails for pronoun lists; “she/her” is split into threefdient
tokens by that expression: “she,” “/” and “her”.

We used the regular expression “@&-Z0-9/"’-]” for this work. This expression
matches for every character that is not alphanumerioyveafd slash, an apostrophe or
character often used as an apostrophe, or a dash.

In many cases, one wants to split on any punctuation, including a slash. Consider
as an example a token containing a slash: “singer/songwriter.” This ought to be @plit int
two different meaningful tokens: “singer” and “songwriter”. However, we find that
pronoun lists most often appear as one word without spaces (i.e. “she/her”) as opposed to
three words with spaces (“she / her”). Thus we explicitly desire to not spliteosiah
character. As a result, using the regular expression from this work on the phrase
“singer/songwriter” results in a single token “singer/songwriter”. Incidisnta
“singer/songwriter” had a prevalence of 3.57 in 2022; this was the highest prevalence of
any phrase consisting of two terms and a forward slaslhsthat a pronoun list. Thus, the
decision not to split phrases at forward slashes does not have a major impact®n resul

We also avoid splitting phrases at dashes and apostrophes because atords th
contain these characters (i.e. “can’t”, “Abimary”) are generally more meaningful when
considered one token than when considered multiple tokens. We do tokenize phrases at
any other punctuation mark. Therefore, “Singer,”, “singer.”, and “singer” weaith be

considered the same token: “singer”.

We did also observe users including pronoun lists within text fields other than the
bio. Specifically, some users include pronoun lists in the “name” and “locatiodsfibut
the prevalence was 1%a&rger in the biography than either the location or name field.

Appendix C: Code and Data

The data and code necessary to replicate this work canfolbed at
https://osf.io/pjgr7/ .

Appendix D: Glossary
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Figure 2 and Figure 3 (and their equivalents in Appendix E) contain a number of
tokens, bigrams, and trigrams whose meanings aren’t necessarily obvious. We created a
glossary to define (and provide an example bio) for the possibly unclear terms inZigure
Figure 3, Figure 11, and Figure 12. The glossanybmaaccessed https://osf.io/snz3v .

Appendix E: Additional Figures

Figure 8: Relative Prevalence of Tokens by Pronoun List
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