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ABSTRACT

The representation of women in public discourse—where they
have historically been a minority—is important for fair, demo-
cratic societies. Although digital publishing has been heralded
as a source of greater equality in women’s representation, it
also creates opportunities for new forms of discrimination, e.g.,
from audiences on social media. In this working paper, we
evaluate the hypothesis that online news audiences on social
media like, share, and reshare articles by men and women at
different rates. We fit three Poisson regression models that
predict social media impressions (counts of likes, shares, and
reshares) using a sample of 156,523 articles published by the
Daily Mail, Guardian, and Telegraph from July 1, 2011 to June
30, 2012. Our models suggest that audiences like, share, and
reshare articles by men and women differently. We explore
these preliminary results and highlight one newspaper section
where articles by women have an incidence rate of social me-
dia impressions that is 33% of the rate for articles by men.
Our preliminary findings raise questions for further research
on modeling gender discrimination by online audiences.

INTRODUCTION

The representation of women in public discourse is important
for equal participation within democratic societies. For exam-
ple, global studies have shown that cultural attitudes toward
gender equality are a central element of democratization [14].
Media coverage of women is linked with political participa-
tion; when women take visible roles in politics, more women
demonstrate political knowledge and vote [9]. Female role
models also influence adolescents’ career decisions [32].

Although the representation of women in the news has in-
creased over the past decade [19], gender inequality persists
at the fundamental level of employment in news organizations.
In the United States, for example, the journalism industry has
failed to meet its own diversity hiring goals [1]. The per-
centage of women in US newsrooms has remained at 37%
for the last 15 years [15], and the industry has maintained a
trend of white male predominance that persists despite women
outnumbering men in journalism schools since the 1980s [6].

Women have used the Internet to circumvent historical dispari-
ties, with parenting and feminist blogs gaining substantial visi-
bility and power [18, 5, 24, 31]. Online publishing is inexpen-
sive, the pool of voices is diverse, and institutional gatekeepers
cannot prevent readers from accessing those voices [28]. For
these reasons, proponents of online publishing have argued
that by allowing citizen journalists and audiences to circum-
vent male-dominated institutions, online publishing broadens
public conversation, making marginalized voices heard.

Hanna Wallach
Microsoft Research
hanna@dirichlet.net

Despite early hopes that the Internet might foster peace [10]
and global understanding [33], a growing literature has ob-
served the reproduction and perhaps expansion of gender dis-
parities, sexism, racism, and oligarchy among creators of on-
line content, most notably in open source software develop-
ment [27], peer production [16], news comments [26], and the
videogame industry [21]. However, debates on inequities of
attention and content sharing among audiences have primarily
focused on concerns of political echo chambers [30] and filter
bubbles [25] rather than problems of prejudice and inequality.

In this working paper,! we model gender discrimination by au-
diences of online news and provide preliminary results. Using
social media impressions—i.e., counts of shares, likes, and
reshares across several platforms—as our dependent variable,
we test the hypothesis that online news audiences share, like,
and reshare articles authored by men and women differently.
We carry out this preliminary analysis using three Poisson
regression models for articles published by three UK news out-
lets from July, 2011 through the end of June, 2012. Finally, we
provide an exploratory discussion of our preliminary results.

MODELING DISCRIMINATION

Quantitative research on inequality differentiates between dis-
crimination and bias. In economics, research on discrimina-
tion focuses on situations where “members of a minority [or
other marginalized group] are treated differently (less favor-
ably) than members of a majority group with identical produc-
tive characteristics” [3], offering no account of the beliefs or
attitudes involved in discrimination [7]. Conversely, research
on prejudice and bias focuses on measuring and explaining
the reasons for behaviors that produce discrimination, often
through social psychology and psychometrics methods [23].
Here, we explore differences between the rates that online
news audiences like, share, and reshare articles by men and
women. We do not discuss the reasons for these differences,
focusing on discrimination rather than prejudice or bias.

DATA COLLECTION

Our data set includes 314,771 articles published online by the
Guardian, Telegraph, and Daily Mail newspapers from July 1,
2011 to June 30, 2012. We obtained 143,515 Guardian articles
through the Guardian OpenPlatform API. We scraped 110,029
Telegraph articles and 61,228 Daily Mail articles from their
websites’ daily archive pages. For the Guardian, we extracted
metadata, including URLs, bylines, dates, sections, and titles
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from the Guardian API. For the other two newspapers, we
extracted metadata from article URLs and page contents.

We obtained the number of of likes, shares, and reshares for
each article by querying Facebook, Twitter, and Google Plus
in August 2012, at least one month after the publication of
every article in our data set. We made these queries using the
Mozilla Amo social media query system.”> We refer to the
total number of counts (i.e., likes plus shares plus reshares)
for each article as that article’s social media impressions.

We obtained byline gender for each article by extracting names
from each article’s byline and then coding these names for
gender using automated techniques based on UK birth records
[20, 11]. Our techniques are similar to those used in other
quantitative studies of gender disparities online [26]. We
labeled each byline as male if only male-identified names
were present, female if only female-identified names were
present, and both if men and women appeared as co-authors
of the article. If a byline contained no author names (e.g.,
“Associated Press”), or where gender could not be identified
using our automated techniques, we labeled it as unknown.

We obtained Guardian article sections from the Guardian API.
We obtained Daily Mail and Telegraph article sections from
topic designations in article URLs. For comparability across
outlets, we coded sections (in consultation with multiple UK
journalists) into a scheme that consists of nine categories:
arts/culture, entertainment, lifestyle, money/finance, news,
opinion, science/technology, special audience,’ and sport.

In the rest of this working paper, we focus on a subset of
156,523 articles—26,340 Daily Mail articles, 69,597 Guardian
articles, and 60,586 Telegraph articles. These articles all have
bylines that were coded as either male or female and they all ap-
peared in one the following (coded) newspaper sections: sport,
science/tech, opinion, news, money/finance, and lifestyle.

MODELING SOCIAL MEDIA IMPRESSIONS

To test the hypothesis that there are byline gender differences
by section in articles’ social media impressions, we fit a multi-
level, random-intercepts regression model for each newspaper.

Dependent Variable: Social Media Impressions

We used the articles’ social media impressions as our depen-
dent variable. Social media impressions for Daily Mail articles
range from 0 to 95,350, with a mean of 129 and a median of 19.
For Guardian articles, social media impressions range from 0
to 196,300, with a mean of 188 and a median of 53. Telegraph
articles had social media impressions that range from 0 to
56,840, with a mean of 73 and a median of 28. Since our
dependent variable is a count (i.e., positive integer), we chose
to model our data using a Poisson regression framework [17].

Covariates
The covariates that we included in each of our models are
listed in table 1. As well as including a byline-level binary

2Amo was written by Cole Gillespie of Mozilla OpenNews Labs:
https://github.com/OpenNewsLabs/amo/

3The special audience category includes commissioned articles and
other content paid for by funders and corporations.

Table 1. Covariates used in all three models

Covariate Description Type | Covariate Description Type
Article-Level Covariates Byline-Level Covariates
Xiia log (title length) real-valued X144 female binary
X2iq log (title leng&h)z real-valued X154 log (total articles) real-valued
X3iq Tuesday binary
Xdia ‘Wednesday binary
Sia Thursday binary

X6ia Friday binary
X7iq Saturday binary
Xgia Sunday binary Interaction Covariates
X9iq lifestyle binary X16ia female x Tifestyle binary
X10ia money/finance binary X17ia female x money/finance binary
X1lia opinion binary X18ia female x opinion binary
X12ia science/tech binary X19ia female x science/tech binary
X{3iq sport binary X20ia female x sport binary

covariate for gender and an article-level categorical covariate
for newspaper section (with news as the reference section), we
also included several other covariates, described below.

Since article titles offer key information that readers use in
their decision to click on or share an article, we controlled
for the order of magnitude of title length as an article-level
covariate. Since we expected a nonlinear relationship, where
very short and very long titles are less likely to be shared, we
included this covariate in both linear and squared forms.

Journalists often report an anecdotal relationship between the
day of the week on which an article is published and its popu-
larity. We included day of the week as an article-level categor-
ical control covariate, with Monday as the reference day.

Journalists vary in their experience and publication frequency.
To control for this, we included a byline-level covariate for the
total number of articles by that author in our data set.

Between-Byline Variation in Social Media Impressions

During the time period spanned by our data set, the people
whose articles were published in the Guardian, Telegraph, and
Daily Mail included politicians, first-time writers, television
personalities, and sporting celebrities, as well as professional
journalists with varying levels of experience and notability.
Since some of these people are better known than others, and
since our research question concerns gender differences be-
tween bylines, we fit a multilevel, random-intercepts Poisson
regression model that accounts for variation between bylines.

FINDINGS

By fitting a multilevel, random-intercepts Poisson regression
model for each newspaper, we found that social media impres-
sions do differ by gender and that this difference varies with
newspaper section. Our results are summarized in table 2.

In some newspaper sections, the magnitude of the difference
in social media impressions by gender is very large, often
favoring articles written by men. The exponential of each co-
efficient in a Poisson regression model is typically interpreted
as an incidence rate ratio—i.e., the expected multiplicative
increase in the dependent variable for a unit change in corre-
sponding covariate, holding the other covariates constant. For
the Daily Mail, an article by a woman in the sports section has
an incidence rate of social media impressions that is 33% of
the incidence rate for an article by a man. For the Telegraph, a
news article by a woman has an incidence rate of social media
impressions that is 86% of the incidence rate for an article by a
man. An article in the money/finance section of the Guardian
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Table 2. Per-newspaper multilevel models for social media impressions.

Dependent Variable: Social Media Impressions

Daily Mail Guardian Telegraph
Article-Level Predictors
log (title length) 1.461%%% 0.615%** 0.078*+*
(0.024) (0.005) (0.007)
log (title length)? —0.163*** —0.161%** ~0.016%**
(0.004) (0.001) (0.002)
Tuesday 0.149%%* 0.121%%* 0.056%+*
(0.002) (0.001) (0.002)
Wednesday 0.143%%* —0.068*** —0.200%**
(0.002) (0.001) (0.002)
Thursday 0.009*** —0.104*** —0.085%**
(0.002) (0.001) (0.002)
Friday 0.019%%* —0.068*** 0.038*+*
(0.002) (0.001) 0.002)
Saturday 0.255%%* 0.170%** 0.023***
(0.003) (0.002) (0.002)
Sunday 0.480%** 0.158%** 0.162%**
(0.002) (0.001) (0.002)
lifestyle 0.535%%* —0.043%** 0.001
(0.005) (0.003) (0.003)
money/finance —2.622%%* —0.186*** —0.416%**
(0.013) (0.003) (0.003)
opinion —0.577** 0.261%** 0.062%**
(0.008) (0.002) (0.003)
science & Tech 0.209*** 0.541%%* 0.268%**
(0.003) (0.002) (0.003)
sport 0.836*** —0.470%** —0.181%**
(0.013) (0.004) (0.006)
Byline-Level Covariates
log (total articles) 0.208*** 0.100%** 0.130%**
(0.029) (0.014) (0.016)
female 0.391%%* 0.089*** —0.155%**
(0.081) (0.031) (0.052)
Interaction Covariates
female x lifestyle —0.558*** 0.362%** 0.196%+*
(0.007) (0.005) (0.006)
female x money/finance —0.048** —0.386™** —0.119%**
(0.024) (0.005) (0.007)
female x opinion 0.247%%* 0.098*** 0.135%**
(0.024) (0.004) (0.007)
female x science/tech 0.130%** 0.059%** —0.045%+*
(0.006) (0.003) (0.006)
female x sport — 1511 —0.077%%* —0.265%**
(0.035) (0.009) (0.012)
Random Effects
bylines 2.992 1.76 1.5
(1.73) (1.327) (1.225)
constant 0.120 3.696™** 3.4347%%
(0.073) (0.024) (0.038)
Misc.
articles 69,597 60,586
bylines 9.403 2,933
deviance 21607226 8050010
log likelihood —10,803,613.000 —4,025,005.000
Akaike information criterion 21,607,271.000 8,050,054.000

Bayesian information criterion 21,607,472.000

Note: *p < 0.1; ** p < 0.05; *** p < 0.01

by a woman has an incidence rate of social media impressions
that is 74% of the incidence rate for an article by a man. We
also find the reverse relationship in some cases: lifestyle arti-
cles by women in the Telegraph and Daily Mail receive more
social media impressions on average than lifestyle articles by
men in the same newspaper, holding everything else constant.

To illustrate the direction of gender differences by section in
each of our three models, we plotted predicted social media
impressions against log-transformed title length (number of
words) for articles with male and female bylines, published
on Monday, with the characteristics of a prototypical byline in
the corresponding newspaper (shown in figures 1, 2, and 3).

Gender Differences in Opinion Article Sharing

Opinion articles substantially influence public opinion and
offer an important link in the path to funding, influence, and
opportunities for elites [13]. Because opinion articles are a
powerful path to opportunity, gender disparities in opinion
sections contribute to wider societal disparities in opportunity
for elite women. Since opinion articles are often written by
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Figure 1. Multilevel, random-intercepts Poisson model predicting Daily
Mail social media impressions on a Monday for a prototypical byline.

people who are neither freelancers nor employees, editors have
considerable flexibility to make pathways open to women.

In our data set, all three newspapers predominantly published
men’s opinion articles. In the Daily Mail, 21% of single-
gender-identified opinion articles were by women. In the
Guardian, women wrote 31% of single-gender-identified opin-
ion articles. Finally, women’s bylines accounted for just 19%
of single-gender-identified opinion articles in the Telegraph.

The results in table 2 show how social media impressions
differ for male and female bylines in each of the three news-
papers. For the Guardian, the incidence rate of social media
impressions for women’s opinion articles is 99% the rate for
men’s articles. Meanwhile, on average, women’s opinion arti-
cles in the Daily Mail have an incidence rate of social media
impressions that is 190% the rate for opinion articles by men.

In the Telegraph, the small number of opinion articles by
women (19%) were also shared less than men’s opinion arti-
cles. On average, a woman’s opinion article in the Telegraph
has an incidence rate of social media impressions that is 75%
of the rate of social impressions for men, holding everything
else constant. These disparities in publisher and audience
behavior compounded the marginalization of women already
present in Telegraph opinion articles at that time. Even as the
Telegraph published four times more opinion articles by men,
its audiences were sharing, liking and resharing men’s opinion
articles much more than opinion articles by women. Perhaps
knowledge of this trend motivated the Telegraph’s October
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Figure 2. Multilevel, random-intercepts Poisson model predicting Guar-
dian social media impressions on a Monday for a prototypical byline.

2012 decision to launch “Wonder Women,” an editorial unit
focused on publishing and promoting women’s writing [4].

Modeling Gender Discrimination by News Audiences

In this working paper, we explore an approach to modeling
the contribution that audiences make to gender discrimination
in who gets heard in society. Using three Poisson regression
models of social media impressions, we find several exam-
ples consistent with the presence of gender discrimination by
news audiences. These preliminary, work-in-progress findings
identify a social factor in the problem of gender inequality
that common measurements and interventions have left unad-
dressed: the role of online audiences in reinforcing or address-
ing disparities in the representation of marginalized groups, as
these online audiences choose whose voices to propagate.

LIMITATIONS

Although social media platforms and online news audiences
exert substantial power over whose voices receive attention [8],
news organizations themselves promote content on social me-
dia. Statistical models at the New York Times have shown that
promotion, including time on the homepage and sharing by
official accounts, is a strong predictor of article page views [2].
Since promotion is not captured in our models, it is possible
that gender differences in social media impressions are in fact
related to differential promotion by news organizations. We
therefore hope to account for promotion in future work.

It is possible that the content of articles produced by men
and women differ in terms of the topics covered, and that this
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Figure 3. Multilevel, random-intercepts Poisson model predicting Tele-
graph social media impressions on a Monday for a prototypical byline.

difference in fact accounts for the observed gender differences
in social media impressions. For example, prior research on
news articles promoted by news organizations has found that
articles featuring social deviance receive more social media
impressions [12]. It is also possible that authors differ in their
selection of these newsworthy topics. In future work, we plan
to model article content by analyzing the topic breakdown of
each article (using a statistical topic model) and including the
articles’ topic proportions in our Poisson regression models.

Another potential limitation of our approach is that we did
not account for the length of time that each article was online.
In our data set, an article that was published on July 1, 2011
had 13.5 months in which to acquire social media impressions,
while an article that was published on June 30, 2012 had only
1.5 months. We will address this limitation in the future.

Even if we could account for every factor within a news orga-
nization’s control, we cannot attribute gender differences in
social impressions to a specific issue outside of news organi-
zations. Social media sharing is conducted in a sociotechnical
context of collective action, platform affordances, and social
algorithms that interact in complex ways. A substantial litera-
ture attempts to model the “interestingness” or “shareability”
of specific social media posts, based on the content of those
posts and the accounts that post them [22, 29]. We did not
consider the content of the social media posts that mention
articles or the characteristics of the accounts that share them.

FUTURE WORK



In this working paper, we presented preliminary results that
identify gender discrimination by online audiences. Our find-
ings offer a compelling argument for future work on models
for studying this topic and an evaluation of alternative mod-
eling approaches. By modeling discrimination, we hope that
future work can identify the effects of online news distribu-
tion on women'’s representation and perhaps even establish
approaches for evaluating interventions that promote equality.
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