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The gender gap in scholarly self-promotion
on social media

Hao Peng 1,2,3,4 , Misha Teplitskiy 2,5, Daniel M. Romero 2,6,7 &
Emőke-Ágnes Horvát 3,8,9

Self-promotion in science is ubiquitous but may not be exercised equally by
everyone. Research on self-promotion in other domains suggests that, partly
due to adverse reactions to non-gender-conforming career-enhancing beha-
viors, women tend to self-promote less often than men. We test whether this
pattern extends to online spaces by examining scholarly self-promotion over
six years using 23M tweets about 2.8M research papers authored by 3.5M
scientists. We find that, overall, women are about 28% less likely than men to
self-promote their papers onTwitter (nowX) despite accounting for important
confounds. The differential adoption of Twitter does not fully explain the
gender gap in self-promotion, which is large even in relatively gender-balanced
research areas, where adversity is expected to be smaller. Moreover, we find
that the gender gap increases with higher performance and academic status,
being most pronounced for research-prolific women from top-ranked insti-
tutions who publish papers in high-impact journals. We also find differential
returns with respect to gender: while self-promotion is associated with
increased tweets of papers compared to no self-promotion, the increase is
slightly smaller forwomen than formen.Our findings reveal that scholarly self-
promotion online varies meaningfully by gender and can contribute to a
measurable gender gap in the visibility of scientific ideas.

Traditional and social media play an important role in the dissemina-
tion of scientific findings1,2. Scholars across disciplines commonly use
social media platforms like Twitter/X to discuss ideas, learn, and pro-
mote their work1,3–10. Despite the evolving debate on the link between
online attention and academic citations11–14, recent evidence from
studies with correlational and causal designs suggests that the online
visibility of scientific papers amplifies their impact in the academy
through citations15–20. Higher online visibility may also promote diffu-
sion beyond the academy21,22, bringing more consequential outcomes
and impact through media coverage and policy take-up23–25, which

further contributes to prevalent alternative measures for scholarly
evaluation26–28.

However, the online visibility of scholars’ work is not equally dis-
tributed across genders. Recent research reveals that gender gaps
observed in traditional scientific outcomes such as citations and
awards29–31 also appear in online visibility32,33, despite the absence of
traditional gate-keepers. Closing this gender gap requires under-
standing the social and cultural factors involved in online platforms
that may differentially impact who can engage effectively in promoting
their scientific achievements. Academic self-promotion, which involves
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speaking directly about one’s strengths and achievements as a career-
enhancing practice34,35, is an early mechanism that could contribute to
substantial differences in online visibility8,10,36,37.

Studying the gender gaps in self-promotion is thus important for
understanding women’s potential underrepresentation and lack of
inclusion in science-related conversations. Raising awareness of such
gender gaps is a prerequisite for improving research policy through
properly accounting for biases that appear in the public’s opinion
about who is driving scientific progress and innovation23, which can
affect young people’s career choices38 and shape career-critical pro-
motiondecisions in academia39.Morebroadly, informingpeople about
gender gaps in self-promotion can affect their subsequent opinions
and behavior38–41 and contribute to targeted interventions that pro-
mote gender equity in science42–44.

Several lines of literature suggest thatmany professional contexts
are more conducive to self-promotion by men than women. First, one
must decide which of their achievements are worthy of promotion. A
number of studies find differences in self-assessment, with women
often undervaluing their performance in stereotypically male-
dominated domains, including science and business, and men over-
valuing theirs45–48. For example, a recent study by Exley and Kessler
shows that men and boys self-assess the same performance on math
tasks much higher thanwomen and girls, and the gap arises as early as
sixth grade49. Such overvaluation, alongside misaligned incentives in
science, can encourage exaggeration in scientific reporting at the
expense of accuracy and retractions24,50. The second literature con-
cerns the “backlash effect,” whereby audiences differentially penalize
women for self-promotion because it is incongruent with stereotypes
of modesty and pro-sociality51–56. Supporting this view on double
standards, empirical research across many settings finds that women
who self-promote are often seen asmore arrogant and less likable than
self-promoting men57–62. Third, self-promotion takes time. A growing
literature finds that men spend less time than women on non-
promotable tasks that are crucial to the sustainability of the academic
ecosystem, such as emotional support towards trainees63,64 and aca-
demic services65. Thus gender differences in time allocated to key non-
promotablework vs. research activitiesmay givemenmorebandwidth
to self-promote.

At the same time, women may now engage more in self-
promotion as a result of their increased awareness of gender gaps
and dedicated efforts to counter them66,67. For example, recent
research on labor economics shows that women negotiate pay at least
as much as men, indicating a closing of the gender gap in speaking up
for oneself in professional contexts, albeit one that has yet to translate
to the closing of the pay gap itself 68,69.

Adding to this debate, online spaces introduce inherent uncer-
tainties about social behavior70. Theoretically, online environments
should feature less barriers for women than conventional offline
settings71,72. However, some social media platforms such as Twitter
promote self-importance, combative behavior, and masculinity73. This
may create a misalignment between cultural norms on Twitter and
societal expectations ofwomen’s behavior,whichcan further nurture a
more unwelcoming climate for women, impacting their willingness to
self-promote. Additionally, studies of online harassment, even in non-
self-promotional contexts, find gender differences in how frequently
harassment occurs. By one estimate, 85% of women globally have
experienced some formof online harassment and abuse74. Harassment
is common on social media sites, with 61% of women considering it a
major problem75, and may naturally discourage posting. Recent
research documents how gender harassment has changed the way
women popularize science76.

These contrasting possibilities laid out in the literature motivate
our first research question: Is there a gender gap in scholarly self-
promotion on social media? Additionally, we explore whether the gap
has changed over time and whether it appears in all areas of science,

including those with better gender representation, where self-
assessment may be more gender equal.

Informing interventions to close a potential gender gap in self-
promotion requires understanding the nuances of who is more likely
to engage in self-promotion. On the one hand, self-assessment biases
are likely to be smaller for prominent individuals and/or when the
performance is more unambiguously outstanding49. On the other
hand, past research shows that accomplishedwomen leaders can elicit
more pushback for their success77, for instance, experiencing less
positive sentiment in their media coverage56. The net effect of high
status and better performance on the gender gap in self-promotion is
thus ambiguous. We ask: How does the gender gap vary with the
academic status of the scholar and the performance of their work?
Lastly, self-promotion is a strategic action that likely depends on
expected returns, such as gains in visibility from self-promotion. If
expected returns vary by gender, scholars will likely engage in it dif-
ferently. Accordingly, we ask: Is there a gender gap in the returns for
self-promotion?

We explore our research questions by combining two large-scale
bibliographic datasets – the Altmetric database of papers’ online
mentions and the Microsoft Academic Graph (MAG) database that
contains metadata about papers and their authors such as publication
venues, affiliations, productivity metrics, and research fields78–80 (See
details in Methods and Supplementary Note A). Altmetric is the most
comprehensive database to date for monitoring online posts about
research papers. It covers about 27% of all research papers indexed in
the MAG database during our study period. Altmetric’s coverage
favors more prominent papers that have received some online
attention23,81. We link the two datasets based on the Document Object
Identifier (DOI).

This data combination process provides us with a multi-
disciplinary dataset of 2,834,829 research papers published between
2013 and 2018 by 3,503,674 unique authors. These papers have
received at least some mentions on online platforms as tracked by
Altmetric.com82. Our self-promotion and online visibility measures
focus on Twitter/X. During the time frame studied here, Twitter was
the most commonly used platform for online science dissemination,
accounting for 92% of all paper mentions on major social media
platforms24. In our sample, 72.2% of papers have received at least one
mention on Twitter.

Because authors might promote some of their papers but not
others, and not all authors of a paper are equally likely to promote it,
our unit of analysis is the (paper, author) pair. We identify 11,396,752
(paper, author) pairs, each of which is a candidate for self-promotion
(Fig. 1). This design enables us to isolate the role of gender because we
can account for differences in papers and authors that are associated
with self-promotion. For example, the same authormay consider some
topics or publications as more worthy of self-promotion than others,
and different authors of the same paper may base individual self-
promotion decisions on their authorship roles.

By quantifying the self-promotion gapover six years amongmajor
academic fields, we provide a systematic examination of a plausible
mechanism behind the lower visibility of women’s scientific achieve-
ments on social media. Our study reveals a sizeable gender gap that
appears in all academic fields and is more pronounced for research-
prolific women from top-ranked institutions who publish papers in
high-impact journals. Complemented by our finding thatwomen’s self-
promotion is associated with slightly lower returns in terms of social
media mentions, our work highlights the need to think of alternative
strategies for equitably promoting and evaluating scholarly work.
Through revealing the gender gap, which may be unknown to scien-
tists and academic decision-makers, our study can stimulate further
researchongender inequity in academia andmay contribute to gender
balance in other important scientific outcomes. We discuss practical
implications of our research on designing effective policies and
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interventions for closing the gender gap in visibility and academic
careers.

Results
The increasing gender gap in self-promotion
Figure 2 A shows the predicted self-promotion probability by year for
men and women (N = 11,396,752; see coefficients in Table 1 and raw
gender differences in our data in Supplementary Fig. S1, S2). Our
model predicts that, from 2013 to 2018, male authors had a chance of
self-promoting their papers between 2.46% (95% CI = [2.42%, 2.50%])
and 10.55% (95% CI = [10.45%, 10.66%]), while comparable female
authors’ self-promotion chance was between 1.75% (95% CI = [1.72%,
1.78%]) and 7.69% (95% CI = [7.60%, 7.77%]), which is about 28% lower
on average. This disparity exists even among female and male authors
of the same paper (p < 0.001; Model 5 in Table 1).

Figure 2 A also shows that, while both genders self-promotemore
often over time (p < 0.001 for year coefficients in Table 1), the gender
gaphas been growing from2013 to 2018. This suggests that the culture
around self-promotion may have been changing, and it is an activity
consideredmore andmore important by scholars. The differencedoes
not disappear when measuring self-promotion using only original
tweets or retweets (p < 0.001; Supplementary Fig. S3), suggesting that
the gap exists even in the arguably less direct form of self-promotion.

Since the gender gap in self-promotion could be impacted by
potential biases in gender inference or group dynamics within mixed-
gender teams, we perform several robustness checks. The gender gap
is remarkably consistent when (1) including author names classified as
gender-neutral as a separate category (p < 0.001; Supplementary
Table S4), (2) excluding author names associated with East Asian eth-
nicities that usually do not encode a clear gender signal (p < 0.001;
Supplementary Table S5), (3) considering self-promotion as being the
first person among the authors who tweet about the paper (p < 0.001;
Supplementary Table S6), and (4) subsetting the data to solo-authored
papers only (p < 0.001; Supplementary Table S7).

These additional analyses show that authors with gender-neutral
names self-promote less often than those with gender-distinct names,
the gender gap remains after excluding East Asian ethnicities, and
potential role assignments do not drive the self-promotion gap in

mixed-gender teams. Furthermore, we use propensity score matching
to reduce the confounding effects thatmay be unaccounted for by the
regressionmodel.We still find thatwomen self-promote their research
less often than comparable men (p < 0.001; Supplementary Table S8-
S9). As a final test, we show that the result is consistent when
restricting the analysis to observations with the same authorship
position in the same research area, such as last authors in Natural
Sciences, and first authors in Social Sciences (p < 0.001; Supplemen-
tary Table S22).

The gender gap is not explained entirely by gender differences
in Twitter adoption
In our previous analysis, we do not distinguish between authors who
do not self-promote because they are not active on Twitter and those
who are active but choose not to post about their papers. However,
women’s lower self-promotion on Twitter may be produced by their
choices conditional on being active on academic Twitter, or simply
adopting Twitter at lower rates83,84.

To explore the latter possibility, we first run a regression model
with the same specification as for predicting self-promotion but
changing the dependent variable to whether the author is active on
Twitter at the time of the paper’s publication. Figure 2B shows that
among all authors, men are indeed more likely than comparable
women to be active on Twitter (p < 0.001; see regression coefficient in
Table 2). Running the same regression model from Fig. 2A on the
subset of (paper, author) pairs where the author was active on Twitter
at the time of publication shows a considerably higher level of self-
promotion among Twitter-active authors than among all authors
(Fig. 2C vs. Fig. 2A). Yet, even in this subset, Fig. 2C shows that women
self-promote about 9.4% less than men on average (p < 0.001; see
regression coefficient in Table 3), suggesting that the substantial
gender gap is not fully explainedbydifferences in active use of Twitter.

The gap is robust to variation in a research area’s gender
representation
Does a higher representation of women in a given research area
decrease the gender gap in self-promotion? To answer this question,
we estimate the overall gender gap in self-promotion across the four

Fig. 1 | Illustration of our study process.Apaper can havemultiple authors, and it
can receive several mentions from different Twitter users, including academic
authors and non-academics. We treat each (paper, author) pair, or each authorship
shown in this diagram, as the unit of analysis, and accordingly code whether the
author is active on Twitter at the publication time of the paper (the Button icon). In
this illustration, Person 1, who is active on Twitter at the time of Paper A's pub-
lication, self-promotes. Neither of his co-authors, Person 2 or 3, is active on Twitter
and therefore do not self-promote. By the time Paper B is published, Person 2 is
active on Twitter and mentions the paper, although she is not one of its authors.
Out of Paper B's authors, Person 4 self-promotes, but Person 3 does not, despite

that he nowbecome active on Twitter. Paper B is alsomentioned by otherswho are
not academics (not shown in this illustration). Among scholarly authors, we dis-
tinguish women and men to investigate the likelihood of self-promotion for each
(paper, author) pair. Furthermore, for each paper, we record the total number of
mentions on Twitter, which we use to examine potential gains in visibility asso-
ciated with self-promotion. This illustration has been designed using resources
from Flaticon.com that are free for personal and commercial purposes with attri-
bution. Person icons created by Trazobanana; Vision icons created by Afif Fudin;
Paper icons created by Freepik; On/Off button icons created by Those Icons.
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broad research areas of social, life, health, and physical sciences.
Specifically, we fit a separate regressionmodel used in Fig. 2A for each
broad area. In our dataset, the authorship share of women for papers
from these four broad areas is 46%, 43%, 44%, and 28%, respectively.

Figure 3 A shows the predicted self-promotion probability, which
is higher formen than forwomen in all four broadareas (p <0.001; see
regression coefficients in Supplementary Table S10). Social scientists
are, on average, about three times as likely to promote their research
as scientists in the other three areas (Fig. 3A). Yet, the gender gap is
comparable across research areas regardless of gender balance. Even
in physical sciences, where only approximately 1 in 4 authors are
women, the gap is comparable to the gap in broad areas that are

approaching parity in authorship in our data. The results are consistent
when fitting the regression to the subset of Twitter-active observations
in each broad area (Supplementary Table S11). Furthermore, the gen-
der gap is universally observed in subfields basedon26Scopus Subject
Areas (p <0.001 for 23 areas; Supplementary Table S23). This suggests
that the gender gap in self-promotion is consistently large, even in the
presence of substantial variation in an area’s gender representation85.

The gender gap is larger for prolific women publishing in high-
impact journals
To examine the association between self-promotion gender gap and
academic performance, we fit the same regression model used in

Fig. 2 | The gender gap in self-promotion is not fully explained by women’s
under-representation on Twitter. A, Predicted probability of self-promotion by
gender based on a mixed-effects logistic regression model (Table 1) fitted to all
11,396,752 (paper, author) pairs where the dependent variable is coded as 1 if the
author has self-promoted the paper. B Same as A, but for the predicted probability of
active presence on Twitter by gender, based on a regression model with the same set
of controls (Table 2). The dependent variable is coded as 1 if the author is active on

Twitter at the paper’s publication date. C Predicted probability of self-promotion for
the subset of 618,742 (paper, author) pairs where the author is active on Twitter
(Table 3). All three regression models have the same set of controls, including pub-
lication year, journal impact factor, authorship position, number of authors, affiliation
rank and location, author productivity and number of citations, research topics, and
paper randomeffects. Control variables havebeen set to theirmedian values to create
these plots. Error bars indicate 95% bootstrapped confidence intervals.

Table 1 | Results of five logistic regression models predicting whether the author self-promoted the paper

Dependent variable: Self-promotion = True

Model 1 Model 2 Model 3 Model 4 Model 5

Woman −0.298 (p < 0.001) −0.265 (p < 0.001) −0.284 (p < 0.001) −0.311 (p < 0.001) −0.348 (p < 0.001)

Authorship first position 0.337 (p < 0.001) 0.315 (p < 0.001) 0.339 (p < 0.001) 0.361 (p < 0.001)

Authorship middle position −0.579 (p < 0.001) −0.649 (p < 0.001) −0.584 (p < 0.001) −0.638 (p < 0.001)

Authorship solo author 0.894 (p < 0.001) 0.938 (p < 0.001) 0.686 (p < 0.001) 0.828 (p < 0.001)

Affiliation rank −0.052 (p < 0.001) −0.048 (p < 0.001) −0.053 (p < 0.001) −0.048 (p < 0.001)

Affiliation location international 0.046 (p < 0.001) 0.080 (p < 0.001) 0.080 (p < 0.001) 0.052 (p < 0.001)

Author previous num. of publications 0.266 (p < 0.001) 0.264 (p < 0.001) 0.260 (p < 0.001) 0.286 (p < 0.001)

Author previous num. of publications
(squared)

−0.026 (p < 0.001) −0.024 (p < 0.001) −0.021 (p < 0.001) −0.021 (p < 0.001)

Author log citations 0.020 (p < 0.001) −0.002 (p = 0.014) −0.013 (p < 0.001) −0.031 (p < 0.001)

Number of authors −0.001 (p < 0.001) −0.001 (p < 0.001) −0.002 (p < 0.001)

Journal impact factor 0.034 (p < 0.001) 0.035 (p < 0.001) 0.033 (p < 0.001)

Publication year 2014 0.318 (p < 0.001) 0.320 (p < 0.001) 0.305 (p < 0.001)

Publication year 2015 0.653 (p < 0.001) 0.656 (p < 0.001) 0.607 (p < 0.001)

Publication year 2016 0.901 (p < 0.001) 0.902 (p < 0.001) 0.846 (p < 0.001)

Publication year 2017 1.257 (p < 0.001) 1.252 (p < 0.001) 1.178 (p < 0.001)

Publication year 2018 1.598 (p < 0.001) 1.595 (p < 0.001) 1.542 (p < 0.001)

Intercept −3.027 (p < 0.001) −3.693 (p < 0.001) −4.307 (p < 0.001) −4.205 (p < 0.001) −4.425 (p < 0.001)

Fixed effects for research fields No No No Yes Yes

Random effects for papers No No No No Yes

Pseudo-R2 0.01 0.13 0.16 0.20 0.51

Observations 11,396,752 11,396,752 11,396,752 11,396,752 11,396,752

Model 1 shows thegendergapwithout anycontrols;Model 2 controls for author factors;Model 3 adds thepaper’s characteristics;Model 4 controls for research topics;Model 5 further includespaper
random effects. The results show that all control variables are correlated with self-promotion and therefore need to be included in the final model –Model 5. All five models are fitted to 11,396,752
(paper, author) observations. The significance test is based on the two-sided Wald test. P values are shown in parentheses. The full regression table is shown in Supplementary Table S1.
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Fig. 2A by including an interaction term between gender and the
paper’s journal impact factor, a widely used scholarly performance
measure. We then predict the self-promotion rates across different
levels of journal impact factor for both genders in Fig. 3B. As expected,
the probability of self-promotion is positively associated with journal
impact factor (p < 0.001; Supplementary Table S12). However, the
gender gap is larger for higher impact factor journals as shown in
Fig. 3B (p < 0.001 for the interaction term in Supplementary
Table S12). In particular, for papers published in journals with an
impact factor above 40, men (0.165; 95% CI = [0.162, 0.168]) are about
85% more likely to self-promote than women (0.089; 95% CI = [0.087,
0.091]). However, for papers published in lower-tier journals (impact
factor below 5), the predicted self-promotion probability for men
(0.044; 95% CI = [0.043, 0.045]) is only 30% higher than for women
(0.034; 95% CI = [0.034, 0.034]).

To investigate the effect of academic status, we focus on the
author’s academic standing as quantified by (i) research productivity
and (ii) affiliation rank. We again fit the same regressionmodel used in
Fig. 2A by including an interaction term between gender and the
author’s number of publications or the author’s affiliation rank. We
first show in Fig. 3C the predicted self-promotion probability as a
function of the author’s number of publications, which is an estab-
lished measure of productivity. We find that, regardless of gender, a
scholar’s self-promotion probability increases as their productivity
grows and then saturates with research experience in the mid-to-late
career stage (p < 0.001; Supplementary Table S13). This finding is
consistent whenmeasuring career stage or productivity as the number
of years since the author’s first publication (p < 0.001; see predictions
in Supplementary Fig. S4). One possible explanation is that junior
scholars spend most of their time conducting research to build a

portfolio, while the task of marketing is often taken on by more
experienced scholars in the research team86,87. However, this transi-
tional change does not apply equally to men and women. Figure 3C
shows a larger disparity among more experienced scholars: the pre-
dicted gender difference in self-promotion probability is almost dou-
bled for authors in the most vs. the least prolific group (p < 0.001 for
the interaction term in Supplementary Table S13).

We show in Fig. 3D the predicted self-promotion probability for
authors from different affiliation ranks, which is another proxy for the
author’s academic status. We find that authors from the highest-rank
decile group are much more likely to self-promote their papers than
those from the lowest-rank group (p < 0.001; Supplementary
Table S14), which is not unexpected. However, as with research pro-
ductivity, Fig. 3D shows that the gender gap is larger for authors from
more prominent affiliations (p = 0.02 for the interaction term in
Supplementary Table S14).

These results suggest that there are universal and well-defined
self-promotion patterns, which are associated with academic perfor-
mance (journal impact factor) and status (research productivity and
affiliation rank). However, scholar’s self-promotion changes with dif-
ferent intensities in response to thesemediating factors, resulting in an
even larger gender gap at the high end of the spectrum. This evidence
points to the potential role of pushback against accomplished female
scientists and calls for more investigations to establish a causal
relationship.

Differential return on self-promotion
A closing piece in our longitudinal investigation of scholarly self-
promotion examines the visibility gains from promoting one’s own
paper on socialmedia and tests whether it differs by gender. Insteadof
measuring the return as direct engagement with self-promotional
tweets, such as the number of retweets or likes, our measure of return

Table 2 | Coefficients of variables in Model 5 that predicts
whether the author is active on Twitter when the paper is
published

Dependent variable:
Active on Twitter = True

Woman −0.134 (p < 0.001)

Authorship first position 0.295 (p < 0.001)

Authorship middle position −0.241 (p < 0.001)

Authorship solo author 0.650 (p < 0.001)

Affiliation rank −0.071 (p < 0.001)

Affiliation location international 0.117 (p < 0.001)

Author previous num. of publications 0.670 (p < 0.001)

Author previous num. of publications
(squared)

−0.039 (p < 0.001)

Author log citations −0.031 (p < 0.001)

Publication year 2014 0.498 (p < 0.001)

Publication year 2015 0.891 (p < 0.001)

Publication year 2016 1.197 (p < 0.001)

Publication year 2017 1.511 (p < 0.001)

Publication year 2018 1.832 (p < 0.001)

Number of authors −0.001 (p < 0.001)

Journal impact factor 0.011 (p < 0.001)

Intercept -5.842 (p < 0.001)

Fixed effects for research fields Yes

Random effects for papers Yes

Pseudo-R2 0.42

Observations 11,396,752

The model is fitted to 11,396,752 observations. The negative woman coefficient indicates that
women are indeed less likely to be active on Twitter (or have a Twitter account) than comparable
men. The significance test is based on the two-sided Wald test. P values are shown in par-
entheses. The full regression table is shown in Supplementary Table S2.

Table 3 | Coefficients of variables inModel 5 fitted to 618,742
observations for which the author is active on Twitter at the
paper’s publication time

Dependent variable:
Self-promotion = True

Woman −0.189 (p < 0.001)

Authorship first position 0.333 (p < 0.001)

Authorship middle position −0.741 (p < 0.001)

Authorship solo author 0.375 (p < 0.001)

Affiliation rank 0.005 (p < 0.001)

Affiliation location international 0.243 (p < 0.001)

Author previous num. of publications −0.109 (p < 0.001)

Author log citations −0.022 (p < 0.001)

Publication year 2014 0.080 (p < 0.001)

Publication year 2015 0.171 (p < 0.001)

Publication year 2016 0.226 (p < 0.001)

Publication year 2017 0.438 (p < 0.001)

Publication year 2018 0.650 (p < 0.001)

Number of authors −0.002 (p < 0.001)

Journal impact factor 0.022 (p < 0.001)

Intercept 0.312 (p < 0.001)

Fixed effects for research fields Yes

Random effects for papers Yes

Pseudo-R2 0.32

Observations 618,742

It shows that the overall gender gap in self-promotion (Table 1) is not fully driven by the gender
difference in Twitter presence (Table 2), as the disparity still exists among authors active on
Twitter. The significance test is based on the two-sided Wald test. P values are shown in par-
entheses. Full regression detail is shown in Supplementary Table S3.
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compares the paper’s total number of tweet mentions in two condi-
tions: with self-promotion and without self-promotion. This design
allows us to account for gender differences that may already occur
without self-promotion and takes into account the contribution of
other forms of promotion to the total number of mentions. For
example, somescholarsmay receivemorementions in themainstream
media than others, even without self-promoting their papers.

We use a negative binomial regression88 to predict a paper’s
total number of tweet mentions by including an interaction term
between author gender and self-promotion (see details in Meth-
ods). We focus this analysis on the subset of observations where
the author was active on Twitter when the paper was published
(N = 618,742). This enables us to control for the author’s log-
scaled number of followers on Twitter in addition to the controls
defined previously.

As expected, Fig. 4 shows that self-promotion is strongly asso-
ciated with a paper’s total number of tweet mentions (p < 0.001 in
Table 4). Moreover, papers tend to receive more and more tweet
mentions over our studied time period (p < 0.001 for year coefficients
in Table 4), suggesting the growing online attention to scientific
papers. Importantly, however, women’s self-promotion is associated
with fewer boost inmentions thanmen’s (p < 0.001 for the interaction
term in Table 4).

To check the robustness of this finding, we run four additional
tests and examine the interaction term between gender and self-
promotion. First, we confirm that the result is consistent when fitting
a separate model for papers published in each year (p = 0.039 for
2014 and p < 0.001 for all other years; Supplementary Table S16).
Second, to isolate the gender effect, we eliminate potential self-
promotion dynamics in mixed-gender teams by fitting a separate
model for the small subset of solo-authored papers. We find that the
results are less statistically significant but qualitatively similar (p =
0.181; Supplementary Table S17), possibly due to a small number of
observations (N = 20,216). Third, we demonstrate that the finding is
robust when defining self-promotion as sharing the paper on social
media within one day of publication (p < 0.001; Supplementary
Table S18). This additional analysis shows that the gender difference
in return equally applies to early self-promotion, indicating that it is
unlikely that women’s self-promotion is ineffective because they do
not do it in a timely manner. Fourth, the result also holds when we
consider mentions of the paper by only scientists or non-scientists (p
< 0.001; Supplementary Table S19, S20), indicating that neither of
these groups alone can account for the gender difference in return
on self-promotion.

Discussion
Based on the analysis of 3,503,674 authors and their 2,834,829
research papers published between 2013 and 2018 across four broad
fields of scholarship, we find a large gender gap in self-promotion on
Twitter. Women are, on average, 28% less likely than men to self-
promote their papers even after taking into account important con-
founding factors such as the year of publication, fine-grained research
fields, as well as author- and paper-level characteristics related to sta-
tus and performance. The gap even appears when comparing authors
of the same paper, and is robust to the same authorship position in the
same field. The gender gap appears to have increased from 2013
to 2018.

We also find that differential adoption of Twitter does not explain
the full gender gap: while our results show that female scholars are
slightly underrepresented on Twitter relative tomales, the gender gap
in self-promotion also appears among those active on Twitter. This is
surprising as women who are active on Twitter already show some
interest in online visibility. Our finding thus suggests that even for
women who are interested in an inherently self-promotional platform,
the gender gap still exists.

The gender gap in self-promotion is consistent with gender dif-
ferences in the tendency for embellished presentation of results89,90

and invites interesting connections with the practice of self-citation.
The gendered nature of self-citation is contested in the literature.
Some large-scale bibliometric studies argue that women self-cite less
than men30,91,92, whereas others dispute this result and find no gender
differences93,94. One possible interpretation of the difference between
the gender gap documented in our study and the less robust one in
self-citation is that the latter is a subtle, “quiet” way to self-promote in
academia. In comparison, sharing one’s researchon socialmedia could
be considered a “loud” form of self-promotion. Because of anticipated
backlash in online spaces, women may be more comfortable with the
“quiet” form but continue to shy away from the “loud” way of self-
promotion. Overall, the relationship between self-citation, self-
marketing on social media, and other types of self-promotion (e.g.,
mailing out published articles to colleagues) presents exciting ques-
tions that deserve further investigation.

Examining factors that canmoderate the size of the gender gap in
online self-promotion, we find that it is not substantially smaller in
more gender-balanced fields. This suggests that improved gender
representation is unlikely to fix the self-promotion gap in the short
term. Importantly, we also find that factors associated with academic
performance and status can substantially moderate the size of the
gender gap. In particular, the gap in self-promotion grows for papers

Fig. 3 | The gender gap in self-promotion is similar across four broad areas but
increases with higher performance and academic status quantified by journal
impact factor, research productivity, and affiliation rank. A, The predicted
gender gap in self-promotion is of similarmagnitude across all four broad research
areas. We fit a separate model for each broad area while still controlling for fine-
grained subject areas (N = 804,121; 4,123,459; 4,952,083; 2,561,568 for Social, Life,
Health, and Physical Sciences; Supplementary Table 10).B–DThe likelihoodof self-
promotion as a function of journal impact factor, author productivity, and affilia-
tion rank, predicted based on our most comprehensive model that also adds an

interaction term between gender and the corresponding variable (Supplementary
Table 12–14). To quantify research productivity, we decile author’s number of
publications as a measure of their productivity (C, a larger bin indicates a more
productive decile). Similarly, we decile author’s affiliation rank (D, a larger bin
indicates a higher rank decile). The three regressions in B–D are fitted to all
11,396,752 (paper, author) pairs. Predictions are based on setting all control vari-
ables at their median values in our data. Error bars indicate 95% bootstrapped
confidence intervals.
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published in higher-impact journals and when authors are more pro-
ductive and come from higher-ranked institutions. These results sug-
gest that women’s concerns about pushback in response to their self-
promotion may dominate the likely high self-assessment associated
with being an established scholar and assurance that the contribution
is worth promoting31,56. When accomplished women self-promote less
than comparable men in the scientific workforce characterized by a
leaky pipeline with fewer and fewer women in higher ranks, women’s
visibility will remain low.

In linewith recentwork33, we alsofind a gender gap in the visibility
returns associated with self-promotion. Although self-promotion is
statistically linked to higher mentions for both genders, the increase is
slightly smaller for women than for men. This association may be
produced by various mechanisms, such as different language styles
used by men and women89, or the unobserved network effects from
offline contexts95. As an initial exploration, our linguistic analysis of
self-promotional tweets shows that men use more promotional
words90,96 such as “novel,” “excellent,” “robust,” “remarkable,” and
“unprecedented” than women, while women use more supportive
words such as “amazing,” “supportive,” and “inspiring” when pro-
moting their research (Supplementary Fig. S5, S6). Overall, our
observational study provides an empirical documentation of a mea-
surable gender gap in online self-promotion across all areas of science.

Our study is not without limitations. First, we investigate a single
social media platform. Although Twitter/X is the largest platform
based on mentions of scientific papers, it would be interesting to
extend the investigation to other social media sites. Second, we use
name-inferred gender as a proxy of the author’s true gender identity.
Our two validations show that, overall, there is a high degree of
agreement between the predicted and self-reported or manually ver-
ified genders. However, the dataset of physists used in our validation is
not gender-balanced, as only 18.9% of the authors self-reported to be
women. Thus, the accuracy of gender labeling may be lower than
reported. Relatedly, our validation result ismoreapplicable toWestern
names because many East Asian names do not have a distinctively
predicted gender label and are thus excluded from our evaluation23,97.

Third, most authors in our data come fromWestern countries such as
the United States, United Kingdom, and Germany (these three coun-
tries alone account for 49% of observations), and authors affiliated
with these countries aremuchmore likely to be active on Twitter than
those from East Asian countries such as China. Thus, our finding is
more representative of institutions inWestern countries whereTwitter
is commonly used.

Fourth, our study does not analyze race/ethnicity and their
intersectionality with gender in self-promotion. However, the
observed gender gap in self-promotion is likely to vary between dif-
ferent races and ethnicities. The literature shows that intersectional
categories develop bias in self-assessment regardless of actual
performance98, have a heightened sensitivity to unprofessional
feedback99, and receive worse treatment and fewer rewards100,101.
Indeed, we find that including authors with gender-neutral names in
the analysis shows that these scholars are the least likely to self-
promote. Since authors from certain countries such as China aremore
likely to have gender-neutral names97,102, the lower self-promotion rate
of authors with gender-neutral names may be driven by racially and
ethnically differentiated cultural norms around self-marketing on
social media. For example, regardless of gender, self-promotion may
be considered more acceptable in Western than East Asian cultures103.
Addressing this issue around race and ethnicity would be difficult due
to challenges in the algorithmic categorization of these categories23,97.
We thus view our focus on gender as a contribution to understanding
one form of disparity in scholarly recognition and visibility. Further
work may investigate intersectionality in self-promotion and examine
the specific challenges that underrepresented groups face in self-
promotional contexts. Another related limitation of our analysis is that
authors of non-binary gender are not identified, which we hope future
work can rectify.

Fig. 4 | Self-promotion by women is associated with fewer gains in tweet
mentions thanself-promotionbymen.Thisplot shows themarginal effect of self-
promotion (vs. no self-promotion) for both genders by year, based on a negative
binomial regression fitted to 618,742 (paper, author) pairs where the author is
active on Twitter at the paper’s publication time (Table 4). The model additionally
controls for author’s follower count (log-scaled) and adds an interaction term
between gender and self-promotion status (binary). Predictions are based on set-
ting all control variables at their median values in the data. Error bars indicate 95%
bootstrapped confidence intervals.

Table 4 | Coefficients of a negative binomial regressionmodel
that predicts a paper’s total number of tweet mentions

Dependent variable:
The total number of tweets

Woman x (Self-promotion = True) −0.127 (p < 0.001)

Woman 0.148 (p < 0.001)

Self-promotion = True 1.235 (p < 0.001)

Authorship first position 0.110 (p < 0.001)

Authorship middle position 0.290 (p < 0.001)

Authorship solo author −0.206 (p < 0.001)

Affiliation rank −0.008 (p < 0.001)

Affiliation location international 0.069 (p < 0.001)

Author previous num. of publications −0.102 (p < 0.001)

Author log citations 0.050 (p < 0.001)

Author log follower count 0.095 (p < 0.001)

Publication year 2014 0.239 (p < 0.001)

Publication year 2015 0.399 (p < 0.001)

Publication year 2016 0.531 (p < 0.001)

Publication year 2017 0.797 (p < 0.001)

Publication year 2018 0.924 (p < 0.001)

Number of authors 0.001 (p < 0.001)

Journal impact factor 0.065 (p < 0.001)

Intercept 0.364 (p < 0.001)

Fixed effects for research fields Yes

Observations 618,742

Themodel additionally controls for the author’s follower count and includes an interaction term
between gender and self-promotion. Themodel is fitted to 618,742 (paper, author) observations
where the author is active on Twitter at the paper’s publication date. The significance test is
based on the two-sided Wald test. P values are shown in parentheses. Full regression detail is
shown in Supplementary Table S15.
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Fifth, our study requires matching authors with Twitter users to
detect self-promotion. We address this problem using a name-based
matching algorithm. Although our validation shows that the matching
achieves high accuracy, the algorithm is not perfect. For instance, if
women are more likely to use pseudonyms on Twitter, our method
would underestimate their actual rate of self-promotion. Yet, these
women’s careers would benefit less from self-promotion under their
non-publishing name. Future work can develop more sophisticated
approaches to address this issue. Sixth, we rely on an open dataset of
scholars identified on Twitter to detect if they were active on the
platform at the publication date of a paper. The external dataset does
well on our validation tests, yet it cannot identify all authors who were
active on Twitter during the entirety of the six years we investigated.
Finally, some control variables in our model are not precisely mea-
sured due to the inherent limitations of the Twitter API. For example,
the follower count is measured at our data collection time, not at the
paper publication date. Similarly, we do not take Twitter usage vari-
ables into account in our main analysis because variables such as fol-
lower count may not be simply exogenous – they could be caused by
self-promotion. Relatedly, while we show that self-promotion is asso-
ciated withmore return in Twitter mentions, it is also possible that the
gender gap in return could be related to women’s decision not to self-
promote, further increasing the gender gap in self-promotion rate.
Future research could try to distangle the complex relationships
between Twitter usage, self-promotion, and return on self-promotion.

Despite these limitations, our study offers insights into scholars’
self-promotion on social media, enriching our understanding of the
broader gender inequity in scientists’ online visibility and recognition.
First, our work informs the way we interpret online visibility metrics
and traditional performance indicators shown to correlate with them
such as citations15,17,104,105. Lower visibility metrics for women are a
systemic issue with complex underpinnings and are contributed at
least in part by men’s higher self-promotion rates and the larger
returns they receive from it. This may need to be considered when
using such metrics in research evaluation. Criteria for hiring, promo-
tion, and tenure thus may need to be adjusted to ensure that more
favorable conditions for men’s self-promotion do not dis-
proportionately disadvantage women.

Second, simply informing individuals about the gender gap may
affect collective behavior and judgment38–41. In our case, revealing the
barriers to women’s self-promotion can raise awareness of specific
challenges that may trickle down to affect their career progression.
This awareness can gradually contribute to a cultural shift within the
broader scientific community, encouraging more equitable research
evaluation. Practically, institutions may consider informing and edu-
cating their employees, including staff, faculty, and any selection
committees, about the gender gap in self-promotion and its possible
downstream effects on other important academic outcomes. Such
training programs may also affect, for example, which readings
instructors choose for their courses or recommend to their students,
which speakers get invited, and who is considered for an award.

Third, scholarly practices and policies aimed at closing the gender
gap in visibility could rely on interventions that aim to “fix the insti-
tutions” not “fix the women” by placing additional burdens on them69,
especially given that women’s self-promotion is not as effective as
men’s. Our work highlights that online platforms are likely to perpe-
tuate existing hierarchies within the academy through self-promotion.
Democratizing how papers are shared and made visible demands a
collective effort. One possibility is that institutions proactively support
the promotion of research outputs through equity-minded press offi-
ces. Relatedly, professional organizations can launch initiatives to
increase the visibility of female scientists and their work by high-
lighting their achievements in newsletters, websites, and social media,
as well as nominating them for awards and speaking opportunities.
Additionally, researchers of any gender could engage in peer

promotion, as this is less likely to trigger backlash36,106. Similarly, par-
ticipation in mentorship programs that offer promotion and advocacy
by senior sponsors may also help107. We also would like to note that
these suggested policy interventions need to be tested in practicewith
regard to their effectiveness in closing the gender gap in visibility.

Finally, our study can encourage future research to examine the
mechanisms causing the gender gap in self-promotion. Such investi-
gations would be valuable because algorithms on online platforms
may amplify small initial differences in online attention, as produced
via differential self-promotion practice, into large disparities in ulti-
mate academic recognition70,108 and conventional markers of scientific
excellence15,17,20. Additionally, future work utilizing surveys to gauge
perceptions of self-promotion could examine why the gender gap is
substantial even in relatively gender-balanced fields andwhy it is larger
when promoting achievements widely considered valuable, such as
papers in high-impact-factor journals.

Methods
We disclose that this study was approved by the Institutional Review
Boards (IRB) of City University of Hong Kong (HU-STA-00001138) and
Northwestern University (STU00211720). The study underwent full
review (was not exempt) at both IRBs, which all waived the informed
consent requirement regarding our analyses of self-promotion using
the data from Altmetric, Twitter, and Microsoft Academic Graph. A
retrospective approval (fully reviewed) from the University of Michi-
gan IRB (HUM00194927)wasgivenwhen the self-reportedgender data
from the Institute of Physics (IOP) were added in our study, which also
waived the informed consent requirement regarding our use of the
self-reported gender data.

We infer author’s gender using their first names109 (Supplemen-
tary Note B). Out of 3,503,674 unique authors, 58% are inferred to be
men and 42% women (consistent result with gender-neutral names
included as a separate category in the regression is shown in Supple-
mentary Table S4). We validate our gender inferences in two ways
(Supplementary Note B). First, we compare the algorithm’s inferences
to an auxiliary dataset containing the self-reported gender of 432,888
physical scientists (Supplementary Note B and Supplementary
Table S21). Second, we compare the gender inferences to manually
labeled gender of 100 randomly selected authors in our data. These
validations reveal that our gender classifier is very accurate with the
F1 score close to 0.9 (Supplementary Note B). At the level of (paper,
author) pairs in our data, men account for a substantially larger frac-
tion than women (64.7% vs. 35.3%).

Our first set of models investigates gender differences in the
likelihood of self-promotion. The outcome variable “self-promoted” is
an indicator of whether the author in a (paper, author) pair mentioned
the paper on Twitter. To detect whether an author self-promotes a
paper, we design and validate a heuristic-based method to match
author names to the list of Twitter usernames that havementioned the
paper, achieving an out-of-sample F1 > 0.95 (Supplementary Note C).

For each (paper, author) pair, we estimatewhether the author was
active (not just having an account) in tweeting academic papers when
the paper was published (Fig. 1). While nomethod can perfectly match
all scholars to their Twitter accounts because they can adopt user-
names unrelated to their academic author names and provide little or
no information on theirTwitter profile, we use a validated, state-of-the-
art external dataset that achieves high accuracy in this setting84,110

(Supplementary Note D). Based on this external dataset, we estimate
that the percentage of authors active on Twitter is 4.6% for women and
5.9% for men.

To account for confounding factors that are likely to affect self-
promotion tendency,we use amixed-effects logitmodelwithplausible
covariates, fixed effects for papers and authors, as well as random
effects for each paper (Supplementary Note E). The paper-level con-
trols include the publication year, the impact factor of the journal
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publishing the paper, and the researchfields associatedwith thepaper.
Author-related factors consist of the number of authors, authorship
position, affiliation location and rank, and author’s previous publica-
tion and citation counts. The random effects specification stipulates
that each paper has its own underlying probability of being self-pro-
moted, regardless of other factors. This setup enables us to compare
self-promotion by different authors of the same paper. Controlling for
these confounding factors, which themselves might be related to
gender, means that our models estimate gender’s relatively direct
association instead of its overall association with self-promotion.
Additionally, we obtained consistent results when using propensity
score matching to test the robustness of our findings (Supplementary
Note F). This allows us to identify matched pairs that are similar on
observed variables except the author’s gender.

Our second set of models examines the “return” on self-
promotion in terms of a paper’s overall visibility, compared with the
condition without self-promotion (Supplementary Note G). We use a
negative binomial regression88 to model a paper’s total number of
Tweet mentions as a proxy for its online visibility. The model
additionally includes an interaction term between author gender
and self-promotion to examine how self-promotion is associated
with tweet mentions differently for men and women. The unit of
analysis is still each (paper, author) pair so that we can measure
visibility premium across different authors and their different
papers.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data that can be used to reproduce our results are deposited on
Figshare111 at https://figshare.com/articles/dataset/Promotion/21843330.
The Altmetric data used in this study are available at https://www.
altmetric.com/research-access/. The tweet mentions of research papers
were collected using the public Twitter API. The Microsoft Academic
Graph database used in this study is available at https://www.microsoft.
com/en-us/research/project/open-academic-graph/. The journal impact
data are available from theWeb of Science database. The dataset of self-
reported gender by physicists was obtained from administrative data
provided by the Institute of Physics (IOP). The data are governed by a
data-use agreement and an IRB that prevents us from sharing these
personally identifiable data, in addition to IOP Publishing’s privacy policy
(https://ioppublishing.org/legal/privacy-cookies-policy/). Interested
researchers could contact IOP for data access (email:
customerservices@ioppublishing.org).

Code availability
All data are analysedwith customized code in Python 3.8.13 andR4.2.0
using standard software packages. Our code can be accessed on
Github112 at https://github.com/haoopeng/gender_promotion.
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